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Weston Buckley Anderson
The El Nin˜o Southern Oscillation (ENSO), which refers to a coupling between equatorial Pa-
cific Ocean and atmosphere anomalies, is a major source of interannual climate variability. Al-
though it is fundamentally a tropical Pacific phenomena, both warm (El Nin˜o) and cold (La Nin˜a)
events alter atmospheric circulations – and subsequently temperature and precipitation patterns –
well into the mid- latitudes. Furthermore, both El Nin˜o and La Nin˜a have characteristic multi-year
life cycles of sea surface temperature and zonal wind anomalies. The research in this thesis focuses
on understanding whether the global teleconnections and multi-year evolution of El Nin˜o and La
Nin˜a imposes a risk of synchronous or sequential crop failures relevant to global food production.
In the first chapter, which focuses on maize, wheat and soy in the Americas, we analyze the
dynamics underlying ENSO life cycles to illustrate which aspects of the system are most impor-
tant for agriculture. In North America, the same-season teleconnections affecting soybean and
maize have been well studied, but we demonstrate the importance of lagged soil moisture tele-
connections for wheat in the southern Great Plains. In South America, peak ENSO sea surface
temperature (SST) teleconnections are concurrent with, and therefore critical for, wheat and maize
growing seasons while soil moisture memory in Argentina plays an important role during the soy-
bean growing season
In the second chapter we show how the teleconnections from chapter one lead to correlated crop
production anomalies in North and South America. We estimate the magnitude of ENSO-induced
Pan-American production anomalies and discuss how increasing crop harvesting frequency may
affect Pan-American production variability. We find that ENSO-induced production anomalies
are greatest for maize, with median anomalies of about 5% of Pan-American production. After
broadly characterizing ENSO-induced production anomalies, we demonstrate that they are not
static in time. Increasing crop harvesting frequency in Brazil has affected the correlated risks
posed by ENSO to soybeans and maize.
In the third chapter we expand our analysis of agriculturally relevant teleconnections to the
greater Pacific Basin region, and move beyond observations into model simulations. In this chapter
we propose a coherent framework for understanding how trans-Pacific ENSO teleconnections pose
a correlated risk to crop yields in major agricultural belts of the Americas, Australia and China over
the course of an ENSO life cycle. The potential for consecutive ENSO-induced yield anomalies
is of particular interest in these major food producing areas, where modest changes in yield have
significant effects on global markets. We demonstrate that ENSO teleconnections relevant for crop
flowering seasons are the result of a single trans-Pacific circulation anomaly that develops in boreal
summer and persists through the following spring. These trans-Pacific ENSO teleconnections are
often (but not always) offsetting between major producing regions in the Americas and those in
northern China or Australia. Multi-year La Nin˜as, however, only tend to force multi-year growing
season anomalies in Argentina and Australia.
In our final chapter we estimate of the relative contribution of major modes of climate vari-
ability to crop yield variability at the global scale. We consider the influence of not only ENSO,
but also the Indian Ocean Dipole (IOD), tropical Atlantic variability (TAV) and the North Atlantic
Oscillation (NAO). We find that modes of climate variability account for 18.4%, 7.4% and 5.4%
of globally aggregated maize, soy and wheat production variability, respectively. All modes of
variability are important in at least one region studied, but only ENSO has a significant influence
on global production. The low fractions of global-scale soy and wheat production variability at-
tributable to climate is a result of significant but offsetting ENSO-induced yield anomalies in major
production regions. Our findings represent an observationally-derived limit on the importance of
climate variability to crop production stability that is not dependent on the fidelity of present gen-
eration of climate or crop models.
In terms of synchronous crop failures within a single harvest year, we find that ENSO poses a
significant correlated risk to maize yields but that it has a much smaller effect on global wheat and
soy production. ENSO-forced maize production anomalies offset less than wheat and soy at the
global scale because production is concentrated in regions with same-sign yield anomalies, notably
the United States and Southeast Africa. To illustrate this point, we show that ENSO is largely
responsible for the largest synchronous maize failure in the post-1960 historical record. These
results demonstrate how the distribution of global cropland in relation to ENSO teleconnections
contributes significantly to the presence for maize or absence for wheat and soy of synchronous
global crop failures
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Introduction
Global food crises are not driven by a single event, but rather result from a confluence of
economic, political, and natural factors. While climate is by no means the primary determinant of
food security, unexpected declines of staple crops due to climate has contributed to food crises in
the recent past. The 2007-2008 food crisis, for example, was exacerbated by export restrictions in
major crop producing countries following crop failures forced by unfavorable weather conditions
(FAO 2009, 2010). There is no single means of preventing such crises, but understanding climate-
driven crop production variability provides one avenue for developing effective mitigation practices
and policies.
Any discussion of how climate variability affects global food security requires an understand-
ing of plant physiology, the globalized food system, the physics of climate variability, and the
history of how unfavorable weather has been the spark in a tinderbox of political policies and eco-
nomic forces that caused past food security crises. In what follows, I will briefly discuss each of
these topics and how they relate to climate-forced crop yield variability.
What causes crop failures?
A discussion of what causes the crop failures that catalyze food security crises must be built
upon an understanding of how drought and heat damages crops. Abiotic stresses, such as excessive
heat or moisture stress, each affect crop yields differently and at times nonlinearly because they
act via a multitude of physiological pathways.
Consider, for example, the nonlinear response of crop yields to high temperatures (Schlenker
and Roberts 2009), which reflects the integrated response of photosynthesis to moderate temper-
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atures and the structural damage to cells caused by excessive heat. Photosynthesis is not a proxy
for yields, but it is a critical pathway by which yields are affected. Net photosynthesis, which
refers to the difference between the carbon fixed during photosynthesis and the carbon lost by the
formation of CO2 during respiration, becomes more efficient up to moderate temperatures (about
26◦C) because the rate at which gross photosynthesis increases with temperature outpaces that of
respiration. But at higher temperatures respiration increases exponentially while gross photosyn-
thesis nearly plateaus, such that net photosynthesis decreases (Kramer 2012). At extremely high
temperatures (35-40◦C) the photosynthetic apparatus may be damaged, proteins denatured or cell
membranes deformed, causing irreparable damage to a plant.
The response of crops to extreme heat, however, is dependent upon moisture availability. Plants
exposed to high air temperatures but with adequate access to moisture are able to keep their stom-
ates open and lower the effective leaf temperatures via evaporation (De Boeck et al. 2016). During
times of drought plants experience both the carbon starvation that results from prolonged closure
of the stomates, and are vulnerable to extreme heat due to an inability of plants to cool themselves
via transpiration. But plant responses to combinations of abiotic stresses are not simply the lin-
ear combinations of those stresses. Exposure to concurrent heat and drought excites molecularly
unique physiological pathways in plants, although how these responses differ from exposure to
univariate stresses is currently poorly understood (Mittler 2006).
To further complicate matters, the effect of heat and drought on crop yields depends strongly
on the developmental stage at which it is applied (Barnaba´s et al. 2008; Prasad et al. 2008). While
cereals exhibit some degree of sensitivity to abiotic stress at all stages of growth, the final yield
of the crop is most stress-sensitive during the periods around flowering and around grain filling
(Barnaba´s et al. 2008). During vegetative stages the crop reproductive organs are relatively pro-
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tected. But high temperatures during grain filling and flowering can reduce the grain number, grain
weight, or in the case of extreme temperatures, cause complete sterility (Barnaba´s et al. 2008). The
time around flowering, which determines the number of grains per planted area, is considered more
crucial for cereal crop yields than is grain filling, which determines the weight of the grain.
This plant physiology provides a focus for our analyses of how climate variability affects crop
yields. We will focus on extreme heat and drought during local crop flowering seasons. But plant
physiology can’t provide context to why some crop yield failures translate into food security crises.
For that we will turn to research focused on recent food security crises.
Recent food security crises
The food crisis of 2007/2008 called into question the efficiency and stability of the global food
system, leading researchers to re-examine both the structural and acute causes of food security
crises. At the core of the 2007/2008 crisis was a spike in food prices, which made staple crops
economically unavailable for many poor households. During the 2007/2008 food security crisis
the price of staple crops rose by 50-90% in the span of a few years for wheat, maize and soy, and
by over 200% in just months for rice (Headey and Fan 2008).
A discussion of the causes of global food price shocks needs to be built upon the understanding
that supply elasticities for staple grains are low because harvests are discrete events. Any elasticity
comes from a depleting or building up of food stocks. At the same time, demand elasticities are
also low because low-income households spend a large portion of their income on staple grains
and in high-income households the on-farm costs represent a relatively small fraction of the to-
tal consumer cost of most products (Headey and Fan 2010). This means unexpected changes in
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production will likely translate into changes in price if stocks aren’t available because demand is
unlikely to change.
The causes for the price spikes of 2007/2008 can not be attributed to any single factor, but
rather represent the combination of policies, economic forces, and crop failures. Among the most
agreed upon structural factors for the food price spikes were rising energy prices. The rise in oil
prices preceding the food crisis both increased the supply cost of cereal production and increased
the demand for biofuels, which had a strong effect on maize prices (FAO 2009; Headey and Fan
2010; Abbott 2014).
A number of structural factors that may have contributed to the 2008 crisis are still debated
due to the difficulty of disentangling cause and effect. These factors include the decline of global
food stocks and the role of food speculation in financial markets. Low food stocks may increase
a country’s vulnerability to weather shocks (FAO 2009), but an observed decline in stocks may
also simply reflect the effect of other factors (Headey and Fan 2008). The rise of speculative
commodity trading by noncommercial participants is another, relatively recent, phenomenon that
may have contributed to the price spike. Although the extent to which such trading amplifies price
volatility is debated (Sanders and Irwin 2010), the United Nations Special Rapporteur on the Right
to Food has convincingly argued against the morality of speculative trading of food crops (Ziegler
2013).
There are also widely discussed structural hypotheses that are unlikely to have played a role.
Some researchers have proposed the somewhat Malthusian hypothesis that rising consumption in
India and China put undue pressure on global food supply, but both of these countries are generally
food self-sufficient and did not considerably increase their imports of staple foods during the crisis
(Headey and Fan 2008). While this is not to say that India and China did not play a role in
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affecting the global structural factors that contributed to the crisis, it highlights that food crises are
not a simple matter of supply and demand.
Acute factors that catalyzed the 2007/2008 food security crisis include poor production in
multiple major crop producing regions that led to cascading export restrictions. Export restrictions
were a major factor in making food unavailable in many countries (FAO 2009) and served as a
potent demonstration of how multiple crop failures can be amplified by global trade to have a
devastating effect on food security. In the case of wheat during the 2008 food crisis, for example,
a multi-year drought led to multiple years of exceptionally poor wheat harvests in Australia and
single-year droughts in the Ukraine, United States and Russia similarly damaged yields and led
to export restrictions in the Ukraine, Russia, Argentina, Kazakstan and India that accounted for as
much as 40% of the spike in wheat prices (Headey 2011). The rippling influence of production
shocks through trade networks is not unique to this event. In general, production shocks have
the greatest effect on import dependent trade partners far removed from the source of the drought
(d’Amour et al. 2016), rather than on the countries directly affected.
Global food prices subsided in 2009 only to rise again through 2010 and 2011 to near-record
levels, sparking renewed concerns about a global food crisis. Adverse weather in major wheat
producing countries, primarily drought in Russia and overly wet seeding conditions in the United
States, again led to production shortfalls and volatility in wheat markets (FAO 2010). In contrast
to 2008, however, larger food stocks led the FAO to caution against the kind of speculation that
caused the 2007/2008 crisis. While the market volatility didn’t lead to the kind of cascading
export restrictions of 2008, high global food prices did lead to some export restrictions and caused
food riots throughout the Middle East and North Africa (Lagi et al. 2011; Bellemare 2015). Such
regional turbulence demonstrates how a remote climate-forced crop failure can translate into local
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political instability, particularly for import-dependent nations.
As these case studies demonstrate, regional food crises may result from a poor harvest in a
single country, but global-scale crises are often catalyzed by synchronous crop failures in major
production regions. Estimating global-scale effect of climate on food production, therefore, re-
quires that we quantify both the magnitude of climate-forced anomalies within each production
region and the correlation of anomalies between regions.
Are multiple crop failures random?
There are two possibilities when considering the global structure of abiotic stresses that leads
to synchronous crop failures: (1) crop failures are primarily driven by weather such that each
regional failure is uncorrelated from all other regions, or (2) modes of climate variability impose
correlated risks in multiple production regions and modify the probability of synchronous global
crop failures.
When considering the merits of each hypothesis, we must first acknowledge the ample dy-
namical evidence that modes of climate variability, particularly the El Nin˜o Southern Oscillation
(ENSO), have a global influence on climate (Horel and Wallace 1981; Alexander et al. 2002a; Chi-
ang and Sobel 2002) and therefore could conceivably affect crop yields at global scales. Increased
convective heating in the eastern tropical Pacific during a developing El Nin˜o warms and stabi-
lizes the tropical troposphere (Horel and Wallace 1981). A fast equatorial Kelvin wave spreads
the warming throughout the tropical troposphere in less than a month (Sobel et al. 2002), which
suppresses convection and precipitation throughout the global tropics away from the tropical Pa-
cific and increases surface temperatures (Chiang and Sobel 2002). On seasonal timescales, the
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convective heating associated with ENSO also forces extratropical Rossby waves, which lead to
large-scale temperature and precipitation anomalies, of both signs, in the mid latitudes (Horel and
Wallace 1981).
ENSO further influences remote climates months after the decay of tropical sea surface tem-
perature (SST) anomalies and convective heating through what has been referred to as the ‘ca-
pacitor effect’ of remote ocean basins (Xie et al. 2009). ENSO affects SSTs in the Atlantic and
Indian Ocean basins via atmospheric teleconnections (Alexander et al. 2002a). These remote SST
anomalies subsequently force atmospheric anomalies of their own a full season after tropical Pa-
cific SST anomalies dissipate (Xie et al. 2009). These lagged influences demonstrate how ENSO
can force complex global teleconnections that are removed in space and time from the tropical
Pacific forcing, and can be difficult to separate from background climate variability. So can ENSO
events actually lead to synchronous crop failures?
Recent research has demonstrated that, on average, ENSO does significantly influence global
crop yields (Iizumi et al. 2014a). Using crop statistics disaggregated by satellite-derived net pri-
mary production, Iizumi et al. (2014a) find that, between 1984 and 2004, El Nin˜o and La Nin˜a
respectively affected 32% and 12% of global maize yields, 45% and 4% of soybean yields, and
28% and 15% of wheat yields. From a global production perspective, these anomalies were often
about 2-4% of global production, which is on par with the 2.1% and 5.2% drop in coarse grain and
wheat production from the 2005/06 to 2006/07 season, and 2.1 and 5.1% drop from the 2009/10
to 2010/11 season (FAO 2006, 2010). While production shocks alone are not sufficient to force
food security crises, these numbers indicate that the magnitude of ENSO-forced yield anomalies
are sufficiently large to have a global-scale effect on crop production.
The research of Iizumi et al. (2014a) provides information on average events, but doesn’t at-
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tribute global anomalies to a single event. We can turn to the historical record for evidence that
a single ENSO event can force major global crop failures. The Great Famine of 1876-1878, in
which over 50 million people died, coincided with one of the strongest El Nin˜os on record (Davis
2002). Subsequent research demonstrated that the majority of the droughts that caused crop fail-
ures during the famine were, in fact, attributable to ENSO either directly or via ENSO-induced
SST anomalies in the Atlantic and Indian Oceans (Singh et al. 2018). The combination of drought-
induced crop failures and inadequate or misguided preparation for and response to the droughts
led to wide-spread mortality across Brazil, northern China and India. Combined with the results
of Iizumi et al. (2014a), we can conclude that individual ENSO events pose a significant risk to
global food production, capable of forcing significant global crop yield anomalies.
Future climates and crop failures
The destabilizing influence of synchronous crop failures makes them a unique threat to global
food security (Mehrabi and Ramankutty 2018). This threat will become more urgent as the climate
warms and such synchronous failures, which are rare in the present-day climate, become more
frequent (Tigchelaar et al. 2018) due to an increased frequency of extremely high temperatures
during the growing season.
The abiotic stresses imposed on agriculture can be conceptually separated into the influence
of the mean-state of climate and the influence of modes of climate variability. Past research has
demonstrated that each degree-Celsius increase in global mean temperature will decrease mean
yields of wheat, maize, rice and soybean by 6%, 7.4%, 3.2% and 3.1%, respectively (Zhao et al.
2017). In fact, anthropogenic surface warming has already depressed global crop yields due to
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damaging maximum surface temperatures (Lobell and Field 2007). The importance of this effect is
likely to increase rapidly due to the highly nonlinear response of yields to maximum temperatures
(Schlenker and Roberts 2009); the yield response of crops to additional warming increases slowly
up to an optimal temperature past which it sharply declines. The steep change in slope of the yield-
response curve means that an increase in mean-state temperature beyond optimal temperatures
results in both reduced average yields and increased crop yield variability because any variation in
temperature moves along the sharply negative portion of the yield response curve (Tigchelaar et al.
2018; Urban et al. 2012, 2015; Challinor et al. 2010; Tao et al. 2009). Synchronous crop failures,
therefore, are likely to become more frequent in the future due to the combined effects of warming
on the mean and variability of yields (Tigchelaar et al. 2018). More variability locally translates to
a greater probability of joint crop failures globally.
But future climate variability will depend on both changes in the mean-state and on the future
characteristics of ENSO. While there is general agreement on much of how climate change will al-
ter the mean-state, there is considerable debate about how climate change will affect the frequency
or intensity of El Nin˜os and La Nin˜as, and the teleconnections associated with each, in the coming
decades. One theory states that future climates will have more frequent extreme El Nin˜o events
(Cai et al. 2014) and more frequent extreme La Nin˜a events (Cai et al. 2015) because changes to
tropical Pacific SST gradients will reduce the barrier to shifting convection towards the eastern
tropical Pacific. Others argue that in the future increased upwelling in the tropical Pacific will
create a more ”La Nin˜a-like” mean state (Clement et al. 1996). That the characteristics of ENSO
will change considerably in the future, albeit unclear exactly how, lends urgency to the need for a
dynamical understanding of how ENSO influences crop yields globally.
If random weather-forced crop failures in multiple locations were the only cause of synchronous
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crop failures, then mean state climate projections would be sufficient to predict their rate of in-
crease. But as the Great Famine demonstrated, multiple crop failures are not always random and so
the rate at which such failures will increase depends upon how important ENSO is to synchronous
crop failures and how ENSO-induced climate variability will change in the future. Understanding
the dynamics by which ENSO affects crop yields, therefore, is a prerequisite for predicting how
major agricultural regions will be affected by climate variability in the future.
The contribution of this thesis to the climate and food production literature
In the research that follows we build on previous work by characterizing how global ENSO-
forced climate anomalies connect crop yield anomalies in time and space. The global scope and
dynamical approach to understanding synchronous crop failures makes this work unique, and we
argue that it is the only way to fully understand the relevance of ENSO to food production in a
global sense. By focusing on the dynamics that connect various regional anomalies to one-another
we provide the basis for understanding what aspects of ENSO force synchronous crop failures,
which is critical for both research and operational work aimed at predicting or monitoring global
food production.
As our review of the 2007/2008 food security crisis demonstrated, the failure of multiple har-
vests was central to the price spike that followed. Our research goes beyond past research that
has considered the probability of multiple simultaneous crop failures due to uncorrelated weather
shocks by focusing on whether a single mode of climate variability could force multiple simulta-
neous crop failures. We specifically explore the dynamics that connect distant crop producing lo-
cations. For example, we demonstrate how a single Trans-Pacific atmospheric circulation anomaly
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forced by tropical Pacific SST anomalies connects the growing season climate anomalies in Aus-
tralia to those in southeast South America. Dynamical connections like this demonstrate a clear
mechanism by which ENSO poses a correlated risk to global food production.
In 2007/2008 it was not simply the synchronous crop failures in a single season that led to the
food price crisis, but the sequential failures in both northern and southern hemispheres. The timing
of these failures, although removed from one another by any number of months, was critical. In
light of this, our research focuses on ENSO life cycles, which refers to the tendency for ENSO
events to develop in boreal summer and decay in the spring, as well as the propensity for La
Nin˜as to be preceded by El Nin˜os and persist for two years. We demonstrate that both the timing
and duration of SST anomalies are absolutely critical to understanding the effect of ENSO on
food production. It is this timing that dictates the corresponding positive and negative crop yield
anomalies. For example, a La Nin˜a life cycle can force two consecutive years of poor growing
conditions in Argentina due to the re-intensification of negative SST anomalies in the tropical
Pacific during austral summer. Such multi-year droughts are not characteristic of ENSO-forced
climate anomalies during northern hemisphere flowering seasons because they happen in boreal
spring or summer, when ENSO is developing or decaying.
Our research furthermore contextualizes how important modes of climate are to crop yield
variability generally, and to synchronous crop failures specifically. In the final chapter we focus
on the relative importance of different modes of climate variability to crop production variability
regionally and globally. This research is the first time that the importance of modes of climate
have been contextualized relative to one-another and relative to total variability at the global scale.
We demonstrate how a number of modes may be important to regional food production variability,
often explaining 20% to 40% of variance, but at a global scale only ENSO is relevant to globally-
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aggregated crop yield variability, explaining between 4% and 18% of variability. This research
provides guidance on how much yield variability may be related to modes of climate, and there-
fore be predictable. Such information is critical when looking to understand whether improved
forecasts could prevent future food production crises.
Our final chapter turns specifically to synchronous crop failures, as these events are particularly
relevant to global food production. We build on a growing literature that focuses on the present and
future probability of synchronous crop failures by taking a dynamical approach to explaining their
origins. Past studies have looked to characterize historical and future trends in synchronous crop
failures, but our research is the first to demonstrate that such failures could be forced by ENSO.
Our findings both build on existing knowledge and highlight the need for a greater focus on the
dynamical causes of climate-forced food production shocks.
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1 Life cycles of agriculturally-relevant ENSO teleconnections
in North and South America
1.1 Introduction
The El Nin˜o Southern Oscillation (ENSO) refers to a coupling between equatorial Pacific ocean
and atmosphere anomalies. Although it is fundamentally a tropical Pacific phenomena, both warm
(El Nin˜o) and cold (La Nin˜a) events alter atmospheric circulations – and subsequently temperature
and precipitation patterns – well into the midlatitudes (Trenberth et al. 1998a; Alexander et al.
2002b).
ENSO has proven to be a major driver of global crop yield variability, although its impacts on
agriculture in a given year are not uniform (Iizumi et al. 2013). Instead, ENSO tends to create agri-
cultural winners and losers. In an El Nin˜o year, drought is likely in many tropical countries while
wetter, milder conditions prevail in the northern hemisphere midlatitudes (Mason and Goddard
2001; Diaz et al. 2001). Because every ENSO event is slightly different, however, the consistency
and timing of these impacts varies between events (Capotondi et al. 2015).
There is the potential to improve regional and global food security through advanced planning
by exploiting robust climate teleconnections in major food producing regions of North and South
America. Table 1 illustrates that the reported relation between yield anomaly and ENSO phase
is generally consistent across studies despite differences in available data and analytical methods.
Although most studies have focused on maize in North America and on maize or soybean in South
America, ENSO has a significant impact on maize, soybean and wheat yields in both North and
South America. Understanding ENSO teleconnections therefore presents the possibility of provid-
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ing governments, extension officers and farmers with improved information on seasonal timescales
(Messina et al. 1999; Podesta et al. 2002; Iizumi et al. 2013). And while understanding seasonal
climate variability is only the first step towards managing climate-induced risks to food production,
it is the foundation upon which effective mitigation practices and policies are built. For a detailed
review of how information on climate variability can be used at both the farm and national scale,
see Hammer et al. (2001) and for a more complete case study of how climate forecasts can improve
profit and reduce risks in agriculture see Hammer et al. (1996).
In the past two decades we have seen tremendous progress towards a robust understanding
of ENSO teleconnections, but there are still agriculturally-relevant aspects of the system that are
poorly understood. For example, the relationship between crop yields and ENSO is often im-
plicitly treated as annually independent. However, the dynamics underpinning ENSO produce a
characteristic evolution from one phase to another (Rasmusson and Carpenter 1982a; Okumura
and Deser 2010a). This multi-year evolution raises the question of whether ENSO poses risks or
benefits to consecutive cropping seasons which, in a global economy, are important for market
prices and global food security. As such, this study explores the extent to which El Nin˜o and La
Nin˜a demonstrate a robust life cycle of agriculturally-relevant teleconnections.
1.1.1 ENSO life cycle
At the heart of ENSO is the Bjerknes feedback. In the equatorial Pacific prevailing easterly
winds lift the thermocline in the east, bringing cold upwelling water to the surface, and accumulate
warm surface water in the west, which leads to a zonal sea surface temperature (SST) gradient.
These zonal SST gradients reinforce easterly winds, and carry water vapor into the west Pacific
warm pool to fuel deep convection, a process that increases upwelling in the east and completes the
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Table 1: Previous studies of ENSO and crop yield anomalies. Acronyms in the table refer to crop mod-
els: Decision support system for agrotechnology transfer (DSSAT), Crop environment resource synthesis
(CERES) and Environment policy integrated climate model (EPIC); phases of ENSO: El Nin˜o (EN) and La
Nin˜a (LN); and analysis techniques: Principle component analysis (PCA).






































United	States 1909-1994 quartile	composite	analysis wheat EN	+,	LN	- Mauget	and	
Upchurch,	1999




























positive (Bjerknes) feedback (Bjerknes 1969). When the easterly trades relax the positive feedback
can run in the opposite direction to create anomalous warming in the east: El Nin˜o conditions.
These El Nin˜o events tend to last 1-2 years and reoccur every 3-7 years. While there is still debate
as to whether ENSO is a self contained oscillatory mode or a stable response to stochastic wind
forcing, both theories agree that ENSO is strongly modified, and to some extent phase locked,
with the seasonal cycle (Thompson and Battisti 2000; Wang and Picaut 2004). Both El Nin˜o and
La Nin˜a develop in late boreal spring and peak at the end of the calendar year. Rasmusson and
Carpenter (1982) were the first to identify a characteristic multi-year life cycle of SST and zonal
wind anomalies during El Nin˜o events. Building on their work, subsequent authors have identified
similar life-cycles for La Nin˜a events, although the spatial structure and seasonal evolution differ
somewhat between warm and cold events (Okumura and Deser 2010a). In our analysis of the
evolution of ENSO teleconnections, we therefore evaluate life cycles for warm and cold phases of
ENSO separately.
1.1.2 Crop stress-sensitivity
The biological response of plants to abiotic stressors, such as extreme heat and drought, depend
on the specifics of the stress, the cultivar and the developmental stage at which the stress is applied.
While cereals exhibit some degree of sensitivity to abiotic stress at all stages of growth, the final
yield of the crop is most stress-sensitive during the periods around flowering and around grain
filling (Barnaba´s et al. 2008). The time around flowering, which determines the number of grains
per planted area, is considered more crucial for cereal crop yields than is grain filling, which
determines the weight of the grain. As such, our analysis will focus on the flowering portion of the
growing season for each crop. The major flowering seasons for North American crops are the late
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boreal spring and summer: April, May, June (AMJ) for wheat; June, July, August (JJA) for maize
and soybean. Flowering seasons in South America are primarily September, October, November
(SON) for wheat, November, December, January (NDJ) for maize, and January, February, March
(JFM) for soybean. Table 2 lists the major flowering dates by crop and continent.
! North!America! South!America!
First!Season! Second!Season! First!Season! Second!Season!
Wheat! AMJ! JJA! SON! 7!
Maize! JJA! 7! NDJ! JFM!
Soybean! JJA! 7! JFM! 7!
Table 2: Flowering dates by continent and season.
Our analysis is organized as follows: We present the data in Section 2 and discuss the meth-
ods used to create the composite ENSO life cycles, which are used to identify both concurrent
and lagged teleconnections, in Section 3. In Section 4 we analyze the evolution of relevant tele-
connections for each major crop growing season, and demonstrate that these teleconnections are
consistent with observed crop yield anomalies. In Section 5 we summarize our conclusions and
discuss their importance.
1.2 Data
We aggregate daily mean atmospheric variables from the NCEP-NCAR Reanalysis I up to
monthly quantities for geopotential height, vertical ascent, wind vectors, precipitable water and
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maximum temperature on a T62 Gaussian grid for the years 1948-2013 (Kalnay et al. 1996). For
monthly soil moisture, latent heat and sensible heat we use the 1.0◦x 1.0◦spaced Noah land surface
model version 2.0 from the Global Land Data Assimilation System (GLDAS) for the years 1948-
2010 (Rodell and Kato Beaudoing 2015). Due to the truncated availability of the GLDAS data,
the 2010 composite had to be removed from the La Nin˜a ensemble in the soil moisture analyses.
We use 1.0◦x 1.0◦monthly precipitation data from the Global Precipitation Climatology Centre
(GPCC) and monthly SST anomaly data from the 2.0◦x 2.0◦Extended Reconstructed Sea Surface
Temperature version 3b (ERSSTv3b), both for 1948-2013 (Schneider et al. 2011; Smith et al.
2008). El Nin˜o and La Nin˜a events were selected using the Oceanic Nin˜o index, which is a three-
month running mean of SST anomalies in the Nin˜o 3.4 region (http://www.cpc.ncep.noaa.
gov/products/analysis_monitoring/ensostuff/ensoyears_ERSSTv3b.shtml). Crop statis-
tics for the United States for 1949-2013 were downloaded from the United States Department
of Agriculture, National Agricultural Statistics Service (http://quickstats.nass.usda.gov/, accessed
August 6 2015). For Argentina, crop statistics were available for 1969 - 2010 from the Integrated
Agricultural Information System (SIIA; http://www.siia.gov.ar/). Crop production data in Brazil
were available from 1976 - 2014, and were downloaded from the Brazilian Companhia Nacional
de Abastecimento (CONAB; http://www.conab.gov.br/index.php). Wheat yield data for Canada
from 1950 to 2012 was downloaded from the CANSIM database, provided by Statistics Canada
(http://www5.statcan.gc.ca/cansim). Maize production data from 1950 - 2008 in Mexico was
downloaded from the INEGI Information Databank (http://www3.inegi.org.mx/sistemas/biinegi/).
For spatial information on cropland extent in North and South America, a combination of three
datasets was used: The Global Agro-Ecological Zones model, the Monthly Irrigated and Rainfed
Crop Area dataset and the Spatial Production and Allocation Model (Fischer et al. 2008; Portmann
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et al. 2010; You et al. 2014). Any cell containing above 0.5% cropland in any of the three datasets
is indicated as ’major cropped area’, while all other cells containing cropped area fall under ’minor
cropped area’. This combined dataset was created as a conservative solution to the significant dis-
crepancies in cropland extent and cropping intensity between datasets (Fritz et al. 2011; Anderson
et al. 2015).
1.3 Methods
1.3.1 ENSO ensemble composite construction
An ensemble of El Nin˜o and La Nin˜a composites was constructed from years in which the
mean boreal wintertime (October, November, December) SST anomaly amplitude in the Nin˜o 3.4
region exceeded 1/2 standard deviation. This threshold corresponds to an absolute departure in
SSTs of just under 0.5◦C. Following identification of the events, the calendar years corresponding
to the event, prior to the event and following the event were used to construct a complete ’life-
cycle’ composite. The calendar years for the composites will hereafter be referred to as EN -1,
EN 0 and EN +1 for the El Nin˜o composite, and as LN -1, LN 0, and LN +1 for the La Nin˜a
composite. Years were not allowed to be double counted as an ’event-year’ (EN 0 or LN 0) in
one composite and a previous- or post-event year in another composite of the same ensemble. This
would happen, for example, when multiple years in a row meet the selection criteria. In these cases
the composite centered on the first year to meet the selection criteria is used in the ensemble and
the composites for the following years are excluded. Figure 1 illustrates the individual composites
(shown in grey), as well as the ensemble mean (shown as the thick colored line).
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Figure 1: Three year El Nin˜o and La Nin˜a composites of the Oceanic Nin˜o Index, which is calculated as
the three month running mean of sea surface temperatures in the Nin˜o 3.4 region. Ensemble mean shown in
bold. Ensemble event years (EN 0 or LN 0) in grey above each panel.
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1.3.2 Same-season teleconnections
For the southern hemisphere crops that flower during the boreal winter, the climate sensitive
portion of the growing season occurs at the same time as peak ENSO SST anomalies. In these
cases, ENSO-induced precipitation and maximum temperature anomalies are identified using the
previously defined composite years. The mean composite is plotted for areas in which at least
2/3 of the composite members have the same sign as the composite mean. This limits the focus
of the analysis to relatively robust teleconnections. Geopotential height, circulation, and ascent
anomalies are then composited as a means of identifying the dynamics that give rise to each tele-
connection. In these dynamical analyses, however, all areas are shaded so as to provide a coherent
representation of the atmospheric teleconnections.
1.3.3 Lagged teleconnections
ENSO teleconnections in boreal spring, during which time SST anomalies are often near neu-
tral, are generally weaker than those in winter and are therefore not likely to play a dominant role
in determining growing season temperature and precipitation for spring flowering crops. However,
teleconnections during peak ENSO intensity may persist via soil moisture memory and apprecia-
bly influence growing season anomalies in the boreal spring. That soil moisture anomalies persist
for weeks to months has been documented in models by Delworth and Manabe (1993) and subse-
quently confirmed in observations by Vinnikov et al. (1996). Both studies model soil moisture as





Where r(t) is the autocorrelation at lag t, and T is the e-folding time for the damping of soil
moisture anomalies in the absence of forcing, also referred to as the temporal scale of the autocor-





Where r(1) is the autocorrelation at a lag of one month and r(2) is the autocorrelation at a lag
of two months. Modeling soil moisture memory as a Markov process assumes that the season in
which the anomalies occur is irrelevant. In our analysis we calculate the characteristic temporal
scale of autocorrelation for soil moisture depths 0-10 cm, 10-40cm and 40-100cm to confirm that
the soil moisture data demonstrate persistence lasting up to a season. The ability of soil moisture
to perpetuate anomalies, therefore, is a necessary but not sufficient condition for boreal wintertime
ENSO teleconnections to impact springtime soil moisture. For this to happen, a region must have
persistence of soil moisture anomalies from boreal winter to the spring seasons, and ENSO must
have a significant wintertime teleconnections to the region.
To estimate the potential impact of previous boreal winter precipitation on subsequent spring
soil moisture we use a partial correlation analysis. The partial correlation between spring soil
moisture and previous winter precipitation with the influence of spring precipitation removed








Where ρSMspPw is the correlation between boreal spring soil moisture and winter precipitation, ρPwPsp
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is the correlation between boreal spring and winter precipitation and ρPspSMsp is the correlation be-
tween spring precipitation and soil moisture. Statistical significance (p<0.1) is assessed accounting
for the number of variables on which the correlation is conditioned. From this analysis we infer the
degree to which, in a typical year, boreal winter precipitation anomalies persist through to spring
soil moisture. To then analyze whether these relationships are relevant in ENSO years, we first
translate precipitation anomalies into volumetric estimates of spring soil moisture anomalies. We
use a point-wise multiple linear regression model in which boreal spring soil moisture anomalies
are regressed against antecedent winter and concurrent spring precipitation anomalies:
SMsp = β0+β1 ∗Pw+β2 ∗Psp+ ε (4)
where SMsp is the current boreal spring soil moisture anomaly, Pw is the previous winter precip-
itation anomaly, and Psp is the current spring precipitation anomaly. The β s for each parameter
indicate the relative strength of each term. Finally, we composite the volumetric estimates of
spring soil moisture originating from the previous winter months’ precipitation anomalies as was
done for the same-season teleconnections. By performing these three analyses rather than directly
compositing spring soil moisture we are able to separate the relative impact of previous boreal
winter precipitation anomalies on spring soil moisture and confirm that observed soil moisture
anomalies occur in areas with sufficient soil moisture memory, as opposed to being identified via
spurious correlations between precipitation and soil moisture.
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1.3.4 Crop yield anomaly analysis
We use historical yield anomalies to demonstrate that observed ENSO-yield relations are con-
sistent with our derived teleconnections from the previous sections. These relations are analyzed
in greater detail in previous studies as referenced in Table 1. In this analysis we consider only
states/provinces with an appreciable fraction of national production (>2% of production in 2010).
The results are relatively insensitive to the specific threshold chosen to define major producing
states. We first correlate sea surface temperature (SST) anomalies with crop yield anomalies to
illustrate that the sign of the correlation is consistent with the expected biophysical responses
to temperature and precipitation stresses. Yield anomalies were calculated as follows. First ex-
pected yields were calculated as the piece-wise linear trends in yield of major crop-producing
states/provinces. The trends represent non-climate factors, such as technological advances, which
contribute to increases in yield. Deviations from these trends are used to calculate the anomaly as
a percent of expected yield, which is correlated with the Nin˜o 3.4 index. The significance (p<0.1)
of the correlations is evaluated following the methods of Ebisuzaki (1997) to account for serial
correlation in the data. The final correlation coefficients in all countries are relatively insensitive to
the choice of using a piece-wise linear trend (having a breakpoint at 1980) or a linear trend with-
out breakpoints. We then aggregate these state-wise yield anomalies into distributions during each
phase of the ENSO life-cycle and use a one-tailed Wilcoxon test to identify distributions that are
different (p<0.1) from a distribution around zero (Wilks 2011). The choice of the nonparametric




1.4.1 Same season teleconnections
Sea surface temperature (SST) anomalies during the major flowering seasons for wheat (SON),
maize (NDJ) and soybean (JFM) evolve slowly, but precipitation anomalies change sign from one
season to the next. In the following sections we will analyze the complete three-year life cycle of
ENSO teleconnections for SON, followed by a discussion of why the atmospheric teleconnections
evolve rapidly from SON to JFM, despite SST anomalies remaining fairly constant.
Wheat flowering season (SON) teleconnections
Precipitation teleconnections are most robust for the SON season (see Figs 2 for El Nin˜o and
Fig 3 for La Nin˜a), when ENSO SST anomalies are at their maximum (see Fig 1). Peak ENSO
SST anomalies are associated with a Rossby wave train originating in the tropics and radiating
out to the southern tip of South America, often referred to as the Pacific South America mode,
which sets up a circulation centered over southeast South America (Mo and Paegle 2001). Precip-
itation anomalies associated with this circulation are driven by anomalous vertical motion related
to the balance between vortex stretching/compression and advection of planetary vorticity. Areas
with poleward flow are associated with vortex stretching and ascent, while areas with equatorward
flow are associated with vortex compression and descent. Noting the westward tilt with height of
the wave trains, figures 2 and 3 indicate that areas of wetting (drying) are associated with anoma-
lous poleward (equatorward) lower-level flow. The upper-level anticyclone centered over southeast
South America during El Nin˜o therefore results in lower-level poleward flow and wetting over ma-
jor agricultural areas. This pattern reverses itself during La Nin˜a. These results are consistent with
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previous analyses of precipitation teleconnections over southeast South America during ENSO
events (Cazes-Boezio et al. 2003a; Grimm et al. 2000).
Maize and soybean flowering season (NDJ and JFM) teleconnections
Owing to the lack of teleconnections during EN -1 (see fig 2), and the similarity of telecon-
nections between LN 0 and LN +1 (see fig 3), we will discuss the evolution of the circulation
from SON to JFM for EN 0 and LN 0 only. This seasonal progression is examined because, while
the SST forcing remains of the same sign, the upper-level circulation responsible for precipita-
tion teleconnections over southeast South America is established, persists, and dissipates between
September and March.
From SON to NDJ the atmospheric circulation remains much the same for both EN 0 and LN
0 (see figures 4 and 5), but during JFM of EN 0 (LN 0) the upper-level anticyclone (cyclone) has
largely dissipated (Figures 4 and 5). However, the northwesterly anomalies in El Nin˜o years over
southeast South America remain, as do the wet anomalies, although they are weaker and limited in
extent. In La Nin˜a years, on the other hand, the flow becomes primarily poleward, which leads to
anomalous ascent and positive precipitation anomalies in southwest Brazil (Fig. 5).
Cunha et al. (2001) attribute negative wheat yields in El Nin˜o years to an excess of rainfall, re-
duced sunshine, and an over-abundance of soil moisture – conditions favorable to the development
of disease in wheat crops – while Podesta´ et al. (1999a) demonstrate that three months later those
same wet conditions are beneficial for maize, which requires considerable precipitation and soil
moisture during flowering. We therefore expect that South American wheat yields will decrease
in response to excess precipitation, while maize and soybean yields will increase in response to
excess precipitation.
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Figure 2: El Nin˜o composite (top row; units ◦C), shading indicates SON growing season. Sea surface
temperature anomalies with contours of 200 hPa geopotential height anomalies (second row, contours every
10 hPa), 700 hPa anomalous ascent in pascals per second and 200 hPa circulation anomalies (third row), and
seasonal precipitation anomalies in mm/month (fourth row) and average maximum temperature anomalies
in ◦C (fifth row) with contours indicating major (solid) and minor (dashed) wheat growing areas. Each
variable is depicted for SON -1 (left column), SON 0 (center column) and SON +1 (right column).
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Figure 3: La Nin˜a composite (top row; units ◦C), shading indicates SON growing season. Sea surface
temperature anomalies with contours of 200 hPa geopotential height anomalies (second row, contours every
10 hPa), 700 hPa anomalous ascent in pascals per second and 200 hPa circulation anomalies (third row), and
seasonal precipitation anomalies in mm/month (fourth row) and average maximum temperature anomalies
in ◦C (fifth row) with contours indicating major (solid) and minor (dashed) wheat growing areas. Each




Figure 4: Evolution of peak El Nin˜o teleconnections over the wheat (SON), maize (NDJ) and soybean
(JFM) growing seasons. Sea surface temperature anomalies with contours of 200 hPa geopotential height
anomalies (first row, contours every 10 hPa), 700 hPa anomalous ascent in pascals per second and 200
hPa circulation anomalies (second row), and seasonal precipitation anomalies in mm/month (third row) and
average maximum temperature anomalies in ◦C (fourth row) with contours indicating major (solid) and




Figure 5: Evolution of peak La Nin˜a teleconnections over the wheat (SON), maize (NDJ) and soybean
(JFM) growing seasons. Sea surface temperature anomalies with contours of 200 hPa geopotential height
anomalies (first row, contours every 10 hPa), 700 hPa anomalous ascent in pascals per second and 200
hPa circulation anomalies (second row), and seasonal precipitation anomalies in mm/month (third row) and
average maximum temperature anomalies in ◦C (fourth row) with contours indicating major (solid) and
minor (dashed) growing area of the dominant crop in each season.
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The major flowering season for winter wheat in North America is April, May and June (AMJ).
The AMJ season coincides with boreal spring and thus the development or decay of ENSO events.
Teleconnections at this time are likely to be weaker than the boreal winter teleconnections ob-
served in the Southern Hemisphere. SST anomalies during June, July, August (JJA) – the critical
season for maize and soybean – are also typically weak, providing only modest forcing for sum-
mertime teleconnections. Boreal summer basic state flow is also less conducive to strong tropical-
extratropical teleconnections (Kumar and Hoerling 1998). Nevertheless, past studies indicate that
JJA teleconnections are important for crop yields (see Table 1).
The magnitude and extent of the AMJ teleconnections are limited (not shown). Precipitation
teleconnections are also limited during JJA in the midwest, but patterns of lower maximum tem-
peratures in the summer of a developing El Nin˜o event (EN 0 (not shown), LN -1 in Fig. 6) and
elevated maximum temperatures in the summer of a developing La Nin˜a event (LN 0; Fig. 6) are
clear. The regions of elevated maximum temperature anomalies are associated with anticyclonic
lower-level flow (Fig. 6).
Based on these teleconnections, we expect that La Nin˜as will depress maize and soybean yields.
Although the teleconnections are modest, the relation between maximum temperature and yield is
strongly nonlinear (Schlenker and Roberts 2006, 2009; Lobell et al. 2014, 2013) and as Phillips
et al. (1999) note, La Nin˜as tend to bring both moisture stress and elevated temperatures.
1.4.2 Lagged teleconnections
To evaluate whether lagged teleconnections exist, we first calculate soil moisture memory to
assess whether a physical pathway for sustaining anomalies exists. We next conduct a partial
correlation analysis to analyze the season-specific relations, and finally estimate the magnitude
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Figure 6: La Nin˜a composite (top row; units ◦C), shading indicates JJA growing season. Sea surface tem-
perature anomalies in ◦C with contours of 700 hPa geopotential height anomalies (second row; contours
every 5 hPa), 700 hPa anomalous ascent in pascals per second and circulation anomalies (third row), sea-
sonal precipitation anomalies in mm/month (fourth row), and average maximum temperature anomalies in
◦C (fifth row) with contours indicating major (solid) and minor (dashed) wheat growing areas. Each variable
is depicted for JJA -1 (left column), JJA 0 (center column) and JJA +1 (right column).
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of each lagged teleconnection using a multiple linear regression analysis. As described in the
Methods section, we calculated the potential soil moisture memory as the e-folding time for the
damping of soil moisture anomalies in the absence of external forcing (see Fig. 7, right column).
Areas with appreciable soil moisture memory, ranging from 3 months up to 6+ months, coincide
remarkably well with major wheat producing regions. These results agree with those of Schubert
et al. (2004), who demonstrate the relevance of soil moisture for perpetuating long-term droughts
in the Great Plains.
Considering that soil moisture memory does not exceed four months in the 10-40 cm layer
over most of the US, we will consider only the season immediately preceding each flowering
season. For wheat we analyze the influence of boreal mid-winter (DJFM) precipitation anomalies
on spring (AMJ) soil moisture, while for soybean and maize we analyze the influence of early
spring (FMAM) precipitation anomalies on summer (JJA) soil moisture.
The partial correlation analysis demonstrates that boreal winter precipitation anomalies are
significantly (p<0.1) correlated with spring soil moisture anomalies in the Southwest and also the
southern Great Plains, an important wheat production area (see Fig. 7). While the DJFM correla-
tion holds throughout the soil column, the relative importance of winter to spring precipitation for
spring soil moisture increases with depth. Early spring (FMAM) precipitation anomalies are also
significantly correlated with summertime (JJA) soil moisture anomalies in regions of major maize
and soybean production, although due to weak ENSO teleconnections in the early boreal spring
the ENSO influence on summer soil moisture will be weak (not shown).
Soil moisture memory is therefore unimportant for the boreal summer-season crops, but acts to
translate ENSO-induced winter precipitation anomalies into spring growing season soil moisture
anomalies (see Figures 8 and 9). Potential evapotranspiration is also lower in the spring than
33
Figure 7: Statistically significant (p<0.1) point-wise partial correlation between AMJ soil moisture and
AMJ precipitation (left column) and DJFM precipitation (center column). The e-folding time in months for
soil moisture anomalies in the absence of forcing (right column). Rows indicate soil moisture layer depths
of 0-10cm (top row), 10-40cm (center row) and 40-100cm (bottom row). Contours indicate wheat producing
areas.
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in the summer such that soil moisture can more adequately satisfy the water demands of wheat.
As in South America, the boreal winter precipitation anomalies co-occur with maximum SST
anomalies and are related to a Rossby wave train originating in the tropics and propagating into
the midlatitudes. Peak El Nin˜os (3rd column of Fig. 8) are associated with positive precipitation
anomalies in the Southwest and southern Great Plains that cause positive soil moisture anomalies
to persist into the following growing season. In contrast, during peak La Nin˜a (3rd column of Fig.
9) negative precipitation anomalies persist from boreal winter to spring, consistently decreasing
soil moisture and increasing maximum temperatures. We therefore expect that the southern Great
Plains states will demonstrate a positive correlation between SST and wheat yields based on these
lagged teleconnections.
Owing to the strength of same-season teleconnections during the critical flowering season for
wheat and maize in South America (SON and NDJ), lagged teleconnections become important
only in the soybean flowering season (JFM) . The soil moisture memory in South America was
assessed in the same manner as that of North America. The e-folding times for soil moisture in
northern Argentina, Paraguay and southern Bolivia were around three months in the 10-40cm layer
and about four months in the 40-100 cm layer, which implies sufficient memory for teleconnections
to persist from early boreal winter (SOND) through to JFM (see Fig. 10). The partial correlation
analysis confirms that although the correlation with concurrent precipitation is greatest at depth in
the soil column (Fig. 10, left column), there exists a non-trivial partial correlation between JFM
soil moisture and previous season precipitation in the same crop-growing regions that demonstrated
soil moisture memory.
Figures 11 and 12 illustrate the impact that previous season precipitation has on JFM soil mois-
ture during composite ENSO life cycles. The precipitation forcing remains consistent from SOND
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Figure 8: El Nin˜o composite (top row), shading indicates DJFM. Sea surface temperature anomalies with
contours of 200 hPa geopotential height (second row), boreal winter precipitation anomalies (third row; units
of mm/month), and boreal winter precipitation contribution to springtime soil moisture (fourth row; units
of kg/m2) with contours indicating major (solid) and minor (dashed) wheat growing areas. Each variable is
depicted for DJFM -1 (left column), DJFM 0 (center column) and DJFM +1 (right column).
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Figure 9: La Nin˜a composite (top row), shading indicates DJFM. Sea surface temperature anomalies with
contours of 200 hPa geopotential height (second row), boreal winter precipitation anomalies (third row; units
of mm/month), and boreal winter precipitation contribution to springtime soil moisture (fourth row; units
of kg/m2) with contours indicating major (solid) and minor (dashed) wheat growing areas. Each variable is
depicted for DJFM -1 (left column), DJFM 0 (center column) and DJFM +1 (right column).
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into JFM during both the development of El Nin˜o and peak El Nin˜o (see Fig. 4) . Precipitation
anomalies from the previous season (SOND) therefore act to reinforce those of the current season
(JFM) during the onset and peak of El Nin˜o, resulting in significant soil moisture anomalies even
when the JFM precipitation anomaly is weak.
Precipitation forcing disappears or weakly reverses sign in southeast South America during
peak to decaying La Nin˜as (see Fig. 5) and in the year following major La Nin˜as (not shown).
The widespread negative precipitation anomalies in Argentina and Uruguay during SOND (Figure
12, LN +1) disappears following the dissipation of the cyclonic circulation in JFM (see Fig. 5
and previous section discussion). However, the dry soil moisture anomalies persist through to total
JFM soil moisture anomalies (Fig. 12, LN 0 and LN +1). Soil moisture memory may therefore
be important for major soybean producing areas in Argentina, leading to positive correlations with
SST.
1.4.3 Life-cycles of teleconnections
Life-cycles of El Nin˜o and La Nin˜a differ in that over the course of a three year life-cycle of a La
Nin˜a there are strong teleconnections in each of the three years, while over the equivalent three year
life-cycle of an El Nin˜o there tends to be only one or two years with appreciable teleconnections.
This discrepancy arises because the strength of ENSO teleconnections are dependent upon, among
other things, the magnitude of concurrent SST anomalies (Kumar and Hoerling 1998). And while
all La Nin˜as form following El Nin˜os, only about half of all El Nin˜os develop into La Nin˜as.
The development and decay of an El Nin˜o event lasts nearly two years such that two major
cropping seasons experience anomalies attributable to El Nin˜o. Teleconnections occurring in EN
0 and EN +1 years tend to have opposite signs to one another. Provided that La Nin˜as develop fol-
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Figure 10: Statistically significant (p<0.1) point-wise partial correlation between JFM soil moisture and
JFM precipitation (left column) and SOND precipitation (center column). The e-folding time in months for
soil moisture anomalies in the absence of forcing (right column). Rows indicate soil moisture layer depths
of 0-10cm (top row), 10-40cm (center row) and 40-100cm (bottom row). Contours indicate wheat producing
areas.
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Figure 11: El Nin˜o composite (top row), shading indicates SOND. Sea surface temperature anomalies with
contours of 200 hPa geopotential height (second row), boreal winter precipitation anomalies (third row;
units of mm/month), and boreal winter precipitation contribution to springtime soil moisture (fourth row;
units of kg/m2) with contours indicating major (solid) and minor (dashed) soybean growing areas. Each
variable is depicted for SOND -1 (left column), SOND 0 (center column) and SOND +1 (right column).
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Figure 12: La Nin˜a composite (top row), shading indicates SOND. Sea surface temperature anomalies with
contours of 200 hPa geopotential height (second row), boreal winter precipitation anomalies (third row;
units of mm/month), and boreal winter precipitation contribution to springtime soil moisture (fourth row;
units of kg/m2) with contours indicating major (solid) and minor (dashed) soybean growing areas. Each
variable is depicted for SOND -1 (left column), SOND 0 (center column) and SOND +1 (right column).
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lowing El Nin˜os and persist for two years thereafter, there tend to be appreciable teleconnections
for three major cropping seasons during a La Nin˜a life-cycle. And because cold SST anomalies
favor dry conditions in major cropping areas of both North and South America, the La Nin˜a life-
cycle forces two dry seasons and only one wet season. The southern Great Plains of North America
experience wet anomalies during the boreal winter of an El Nin˜o, but experience dry anomalies
during the preceding and following winters (see Fig. 9). In South America, wet anomalies dur-
ing the peak of El Nin˜o preceding La Nin˜a are followed by two years of negative SSTs and dry
anomalies (see Fig 3).
1.4.4 Teleconnections and yield anomalies
Following from the previous analyses, as well as a much greater body of literature detailing
crops’ physiological response to precipitation and temperature anomalies during the growing sea-
son, we can infer the sign of yield anomalies attributable to El Nin˜o and La Nin˜a. While most
crops respond intuitively to moisture and heat, it’s worth noting that drying implies opposite wheat
yield variability in the Americas due to the dry North American wheat flowering months, which
benefit from additional moisture, and the wet South American wheat flowering months, in which
excess moisture leads to disease (Ferreyra et al. 2001). In the United States both maize and soybean
yields correlate with flowering season SST anomalies while wheat correlates with SSTs from the
previous boreal winter (see Table 3). This is consistent with our teleconnection analysis and with
previous studies on soybean (Iizumi et al. 2014b) and maize (Legler and Bryant 1999; Handler
1984; Phillips et al. 1999; Wannebo and Rosenzweig 2003; Izaurralde et al. 1999), summarized in
Table 1. In contradiction, Iizumi et al. (2014b) find that both El Nin˜o and La Nin˜a events decrease
maize yield in the US, although their analysis is based on only twenty years of data. Similarly, the
42
discrepancy between our results and those of Legler and Bryant (1999) for soybean is likely a re-
sult of analysis structure. Legler and Bryant (1999) analyze spatial patterns of yield anomalies for
crops during the growing season following an ENSO event. Our results indicate that for soybean
and maize, yield anomalies are most strongly correlated with flowering season SST anomalies
during developing ENSO events (EN 0) rather than decaying events (EN +1). This discrepancy
draws attention to the importance of considering ENSO from a life-cycle perspective. There are
few studies that analyze connections between ENSO and wheat in the US, but our results agree
with those of Mauget and Upchurch (1999), who also come to the conclusion that US wheat yields
are correlated with previous season SST anomalies.
Results for Mexico were not statistically significant in major producing regions and mixed in
sign for minor production regions, as has been found in previous analyses (Dilley 1997a; Lo´pez
et al. 2003). We similarly found no statistically significant correlations between wheat yields in
Canada and tropical SST anomalies, which is somewhat in contrast to Hsieh et al. (1999) who
found a tenuous linear correlation in the tropics and that both the nine highest and lowest yield
years were associated with negative SST anomalies. This discrepancy points to the complexity of
the climate-crop relation in Canada, and a need for further study.
Significant correlations exist only in Argentina for wheat and soybean yield anomalies, but
correlations with maize yield anomalies exist in both Argentina and Brazil. Consistent with both
the location of precipitation teleconnections and with past literature (Iizumi et al. 2014b), a nega-
tive correlation exists between wheat yield anomalies and El Nin˜o in Argentina. However, maize
yield anomalies in Argentina and Brazil are positively correlated with El Nin˜o, which reflects that
while precipitation is necessary during the drier NDJ months, excess precipitation in wet SON














































Table 3: Statistically significant (p<0.1) correlations between the Oceanic Nin˜o Index (with the month
chosen based on the teleconnection analysis) and yield anomalies in major producing states/provinces. ONI
refers to Oceanic Nin˜o Index.
of Ferreyra et al. (2001), Podesta´ et al. (1999a) and Iizumi et al. (2014b) (see Table 1). The pos-
itive correlation between soybean yield anomalies in Argentina and the El Nin˜o index from the
preceding boreal winter is consistent with Podesta´ et al. (1999a), and reflects the combined influ-
ence of precipitation teleconnections and soil moisture memory as we demonstrated in the lagged
teleconnection analysis. While we found no significant correlations in the south of Brazil, previ-
ous studies of the region have found relationships between crop yields and ENSO (Cunha et al.
2001; Berlato and Fontana 2001; Berlato et al. 2005; Cunha 2001), although they did not report
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levels of significance. The results of those studies are consistent with the climate teleconnections
outlined in this paper, and are of the same sign as the yield anomalies found for Argentina: during
El Nin˜o conditions are unfavorable for wheat in the south of Brazil but favorable for both maize
and soybean. The reverse holds true during La Nin˜a.
1.4.5 Life-cycles of yield anomalies
To evaluate the magnitude and timing of the impact of ENSO on crop yields we binned yield
anomalies by ENSO phase. We grouped the yield of states that are correlated with ENSO into
years corresponding to phases of the El Nin˜o and La Nin˜a life-cycles. Doing so demonstrates that
ENSO exhibits a sufficiently strong influence on growing conditions in these regions to force a
progression in yield anomalies that reflect the ENSO life-cycle. The progression of yield anomalies
is generally more clear during the La Nin˜a life-cycle than the El Nin˜o life-cycle (see Figures 13
and 14). Teleconnections in both ENSO life-cycles tend to force same-sign yield anomalies across
North and South America within a cropping year.
The same-sign yield variability is attributable primarily to same-season teleconnections for
maize – and therefore may be obvious from the perspective of agricultural management – but is
the combined result of same-season and lagged teleconnections for wheat and soybean. As an
illustration of how the phasing of teleconnections and flowering seasons leads to same-sign yield
variability, we will first consider a series of yield anomalies for wheat. Following the peak of an El
Nin˜o, positive precipitation anomalies in the southern Great Plains from the previous boreal winter
force positive flowering season soil moisture anomalies (EN 1 in Fig. 8 and LN 0 in Fig 9), which
increases wheat yields (AMJ 1 in Fig. 13, AMJ 0 in Fig. 14). Drier than normal conditions then
develop in South America due to negative SST anomalies (LN 0, Fig 3) and force positive yield
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anomalies due to reduced disease (SON 1 in Fig 13., SON 0 in Fig 14). If we follow the same
analysis for soybean yield anomalies during the La Nin˜a life-cycle, same-season teleconnections
force negative yield anomalies during JJA 0 and JJA 1 in the US (see teleconnections in Fig. 6,
yield anomalies in Fig 14) and lagged teleconnections force negative yield anomalies in JFM 1
due to precipitation deficits from SOND 0 (see Argentina teleconnections in Fig 12 and yield
anomalies in Fig 14). The comparable progression for maize is more straight-forward because it
is purely same-season teleconnections that are important for yield anomalies, which are strongest
during the warm phase of ENSO (JJA 0 and NDJ 0/1 in Fig 13; JJA -1 and NDJ -1/0 in Fig 14).
1.4.6 Conclusions
ENSO significantly affects crop yields in North and South America through both same-season
and lagged teleconnections. Same-season temperature and precipitation teleconnections explain
ENSO’s influence on maize and soybean yields in North America as well as wheat and maize
yields in South America. Soil moisture anomalies forced by previous-season precipitation telecon-
nections are important for wheat yields in the United States and soybean yields in Argentina.
In the United States, maize and soybean yields are positively correlated with flowering sea-
son SST anomalies while wheat yields are positively correlated with previous boreal winter SSTs.
These results are consistent with yields responding positively to increased precipitation. In the
summer of a developing La Nin˜a, teleconnections elevate maximum temperatures and decrease
precipitation over major crop producing regions of the United States such that they negatively
affect maize and soybean yields. Wheat yields are primarily affected by boreal wintertime telecon-
nections from the previous season when ENSO exhibits a much stronger influence on precipitation.


































Figure 13: Life-cycle of yield anomalies (calculated as a fraction of expected yield) for states from Table 3
during an El Nin˜o life-cycle. Solid shading indicates that the anomalies are significantly different from zero


































Figure 14: Life-cycle of yield anomalies (calculated as a fraction of expected yield) for states from Table 3
during a La Nin˜a life-cycle. Solid shading indicates that the anomalies are significantly different from zero
(p<0.1), transparent shading indicates that the yield anomalies are not significantly different from zero.
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anomalies into spring growing season soil moisture anomalies, particularly in the southern Great
Plains. Hence US wheat yields tend to increase following El Nin˜o conditions in the preceding
winter.
ENSO-crop correlations over southeast South America in SON and NDJ are a direct result of
ENSO precipitation teleconnections overlaid on seasonal climatology. ENSO induces a circulation
anomaly centered over southeast South America that forces precipitation anomalies during wheat
(SON) and maize (NDJ) flowering seasons. In the relatively wet months of wheat flowering, in-
creased precipitation leads to a higher probability of disease and decreased yields. In the drier
months of maize and soybean flowering, additional precipitation likely increases yields. Corre-
lations between El Nin˜o and yield, therefore, are consistently negative for wheat but positive for
maize. During the soybean flowering season in Argentina lagged teleconnections become impor-
tant. Soil moisture memory in parts of Argentina sustains moisture anomalies from SOND into
JFM, which affects soybean yields.
An ENSO life-cycle is evident not only in SST anomalies and teleconnections, but also in a
sequence of positive and negative crop yield anomalies. The pattern is more obvious in the yield
anomalies forced by the La Nin˜a life-cycle than those forced by the El Nin˜o life-cycle. Telecon-
nections from both ENSO life-cycles, however, tend to impose same-sign yield anomalies across
North and South America, which implies that El Nin˜o and La Nin˜a life-cycles can drive progressive
sequences of Pan-American yield anomalies. While the magnitude of the yield anomalies forced
by ENSO are often modest, the fact that these anomalies occur in major production regions means
that they can have a significant effect on global markets. This information may be leveraged to im-
prove food security not only in crop producing countries, but also in import-dependent countries
and more generally used as a tool to understand variability in crop production.
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2 Crop production variability in North and South America forced
by life-cycles of the El Nin˜o Southern Oscillation
2.1 Introduction
Estimating global-scale production variability attributable to climate requires that we quantify
both the magnitude of anomalies within each production region and the correlation of anomalies
between regions. While local crises may result from a poor harvest in a single country, global-scale
crises are usually the result of multiple simultaneous crop failures. In this analysis we focus on how
the El Nin˜o Southern Oscillation (ENSO), which is a major driver of global patterns of temperature
and precipitation (Trenberth et al. 1998b; Alexander et al. 2002a), affects Pan-American wheat,
soybean and maize production.
ENSO-induced risks to agriculture are correlated not only on large spatial scales, but also across
multiple years. While past studies have looked at how ENSO teleconnections affect regional-scale
yields in North and South America (Ferreyra et al. 2001; Podesta´ et al. 1999a; Cunha 2001; Berlato
and Fontana 2001; Lo´pez et al. 2003; Handler 1984; Phillips et al. 1999; Wannebo and Rosenzweig
2003; Izaurralde et al. 1999; Mauget and Upchurch 1999; Hsieh et al. 1999), and global crop pro-
duction (Iizumi et al. 2014a), none have investigated how these anomalies evolve over the course
of a multi-year ENSO life-cycle. And yet the expected progression of production anomalies from
year to year provides vital information for managing global food stocks and for using international
trade as a means of coping with weather-induced production shocks. In our analysis we therefore
quantify the magnitude and timing of Pan-American crop production anomalies forced by ENSO
life-cycles.
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The final question we address in our analysis is how increasing crop production may affect
ENSO-induced production variability. In the last 15 years the global harvested area has again
begun expanding following nearly two decades of remaining static (Grassini et al. 2013). While
part of the increase is attributable to an expansion of physical cultivated area, the majority is due
to increases in crop harvesting frequency on already cultivated land (Ray and Foley 2013). To
understand the impact that increasing crop-harvesting frequency has had on ENSO teleconnections,
we analyze the shift from single to double cropping that has occurred recently in Brazil. We choose
to use this case study (e.g. the increase of ‘safrinha’ maize in Brazil) because not only has it
transformed maize production in Brazil, but also because it represents one realization of what Ray
and Foley (2013) estimate to be a widespread potential for increasing crop harvesting frequency
in Central and South America as a means of increasing production. The results of this section are
important for understanding how the correlated risks posed by ENSO – as described in the first
half of the analysis – are changing with increasing production.
2.2 Data
In this paper we focus on Pan-American production anomalies for wheat, maize and soybeans.
Crop statistics for the United States for 1949-2013 were downloaded from the United States De-
partment of Agriculture, National Agricultural Statistics Service (http://quickstats.nass.
usda.gov/, accessed August 6 2015). For Argentina, crop statistics were available for 1969 -
2010 from the Integrated Agricultural Information System (SIIA; http://www.siia.gov.ar/).
Crop production data in Brazil were available from 1977 - 2014, and were downloaded from
the Brazilian Companhia Nacional de Abastecimento (CONAB; http://www.conab.gov.br/
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index.php). Wheat yield data for Canada from 1950 to 2012 was downloaded from the CANSIM
database, provided by Statistics Canada (http://www5.statcan.gc.ca/cansim). Maize pro-
duction data from 1950 - 2008 in Mexico was downloaded from the INEGI Information Databank
(http://www3.inegi.org.mx/sistemas/biinegi/).
To calculate potential evapotranspiration (ET0) we use the Sheffield et al. (2006) monthly 1◦x
1◦gridded dataset of pressure, humidity, air temperature, minimum temperature, maximum tem-
perature and wind speed. In the soil water balance we initialize soil moisture using estimates
from the Noah land surface model, then use monthly precipitation data from the Global Precip-
itation Climatology Centre (GPCC) (Schneider et al. 2011) and soil water holding capacity data
from the Global Gridded Surfaces of Selected Soil Characteristics (IGBP-DIS) database (Global
Soil Data Task Group 2000). We use monthly 1◦x 1◦estimates of soil moisture from the Noah
land surface model version 3.3 in the Global Land Data Assimilation System (GLDAS) version
2. The Noah model is a 1-D simulation of the exchange of water and energy between the soil,
vegetation canopy and atmosphere and is forced by estimates of the observed atmosphere state.
It uses the static MODIS-based land cover classification (Hansen et al. 2000) and leaf area index
derived from MODIS and AVHRR measurements (time-series when available, climatology oth-
erwise) (Rodell et al. 2004). We use monthly sea surface temperature (SST) anomaly data from
the 2◦x 2◦Extended Reconstructed Sea Surface Temperature version 3b (ERSSTv3b) (Smith et al.
2008). El Nin˜o and La Nin˜a events were selected using the Oceanic Nin˜o index, which is a three-




2.3.1 ENSO ensemble construction
An ensemble of El Nin˜o and La Nin˜a events was constructed from years in which the mean
SST anomaly amplitude during October, November and December, as measured by the Oceanic
Nin˜o Index, exceeded 1/2 standard deviation. The Oceanic Nin˜o Index is a three month running
mean of SST anomalies in the Nin˜o 3.4 region, which are calculated as deviations from a 30-year
centered monthly climatology. This threshold corresponds to an absolute departure in SSTs of just
under 0.5◦C. Following identification of the events, the calendar years corresponding to the event,
prior to the event and following the event were used to construct a composite ENSO ‘life-cycle’.
The calendar years for the ensembles will hereafter be referred to as EN -1, EN 0 and EN +1 for
the El Nin˜o events, and as LN -1, LN 0, and LN +1 for the La Nin˜a events. Years were not allowed
to be double counted as EN 0 or LN 0 in one event and EN -1, LN -1, EN +1 or LN +1 in another
event.
2.3.2 Yield anomalies
Expected yields (Y ldExst,yr) were calculated by state/province using a Gaussian filter – which
has an effect similar to that of a running mean – with a kernel density of three years. The
trends represent non-climate factors, such as technological advances. Deviations from these trends
(Y ldst,yr−Y ldExst,yr) are the absolute yield anomalies, which are converted to percent anomalies





This method is similar to that used by Iizumi et al. (2014a). We then aggregate the yield
anomalies into distributions during each phase of the ENSO life-cycle and use a two-tailed t-test
to identify distributions that are different (p<0.1) from a distribution around zero. Yield anomalies
were relatively insensitive to the choice of using a Gaussian filter or a five-year running mean to
calculate expected yields.
2.3.3 Pan-American production anomalies
While total production anomalies are useful for estimating the magnitude of a crop failure,
management decisions that affect planted area make it difficult to directly calculate climate-related
anomalies from production data. We therefore use yield anomalies and static harvested areas (av-
eraged over 2007-2012) to calculate equivalent modern day production anomalies as a percent of
total Pan-American production. State yield anomalies are converted to production anomalies by
multiplying by the fixed harvested area in a state (HAst). These state-by-year production anoma-
lies are then summed and scaled by the expected country-wide production (PrExc,yr) to get percent
production anomalies for each country in each year (∆Prc,yr):














Where ∑cst indicates the sum over all states in a given country. Finally, the percent production
anomalies relative to total production within each country are converted to percent anomalies rela-
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Where Prc is the production of a country, PrPA is Pan-American production, and ∆Prc,yr is the
percent production anomaly for a country in a given year. Using time-varying yield anomalies
but static harvested areas to calculate production anomalies minimizes the problem of conflating
changes in management or technology with climate-driven production anomalies. However, the
results presented in this paper are qualitatively the same if production anomalies are calculated
using harvested area that is not held constant, but allowed to change by year.
2.3.4 Isolating the Influence of ENSO
Although ENSO has a significant influence on the climate of North and South America, its
influence is not omnipresent. Even in areas in which ENSO reliably influences the climate, crop
management or crop water requirements may mediate whether ENSO has a significant influence
on crop yields. We therefore need to identify the states/regions in which ENSO significantly af-
fects production. Yield anomalies forced by ENSO were identified using two independent meth-
ods. The first was to use a Spearman’s rank correlation coefficient to identify the states/regions
in which the Oceanic Nin˜o Index was significantly (p < 0.1) correlated with state/province yield
anomalies (see Figure 15). To account for serial correlation in the data, significance was evaluated
following the methods of Ebisuzaki (1997): the ENSO time series was bootstrapped 1000 times
via phase randomization, each realization was correlated with yield anomalies, then these correla-
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tion coefficients were rank-ordered to determine confidence intervals. For a detailed description of
the physical teleconnections that lead to the observed ENSO-yield correlations of Figure 15, see
Anderson et al. (2016).
While correlated states were identified using the Oceanic Nin˜o Index, we later present maps
of correlations with SSTs in the tropical Pacific. In doing so each grid point constitutes an indi-
vidual statistical test, so we control the false discovery rate by following the methods of Wilks
(2016), which includes a correction for spatially correlated data. A grid point must meet both the
significance criteria to be considered significant.
In the second method we calculate the Empirical Orthogonal Functions (EOFs) of a matrix
containing vectors of state production anomalies from 1980 - 2012 as a percent of Pan-American
production. Each EOF is then related to tropical Pacific SST anomalies to determine its relation
with ENSO. By using production anomalies, the EOF analysis preferentially selects modes of vari-
ability in major producing states rather than states that contribute little to overall production. The
EOF analysis allows us to consider variability in the system as a whole without losing informa-
tion by aggregating state-level data into a single Pan-America time series. This is important when
isolating a signal across many states because it incorporates information about the ways in which
the yields of states vary together due to a large-scale forcing, such as ENSO. We use the vari-
ance explained by each ENSO-related EOF to estimate the fraction of total production variability
attributable to ENSO.
2.3.5 Soil water content (SWC)
To analyze the effects of different cropping cycles on ENSO-induced variability, we calculate








Figure 15: Spearman’s rank correlations between wheat, maize or soybean and the October-November-
December Oceanic Nin˜o Index, which is calculated as?the three month running mean of sea surface tem-
peratures in the Nin˜o 3.4 region. Same-season correlations indicated as OND(0), lagged correlations to the
previous season Oceanic Nin˜o Index shown as OND(-1). Only statistically significant correlations (p < 0.1)
are shaded.
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evapotranspiration (ET0; also referred to as ‘potential evapotranspiration’) using the FAO Penman-
Monteith equation:
ET0 =
0.408∆(Rn−G)+ γ 900T +273u2(es− ea)
∆+ γ(1+0.34u2)
where Rn is net radiation, G is soil heat flux, T is mean air temperature at 2m, u2 is wind
speed at 2m, es is saturation vapor pressur, ea is actual vapor pressure, ∆ is the slope of the vapor
pressure curve and γ is the psychrometric constant. Windspeed was interpolated from 10m down
to 2m assuming an exponential decay to the surface following equation 47 of Allen et al. (1998).
All other variables were calculated following the guidelines for monthly data outlined in Allen
et al. (1998).
The reference evapotranspiration was converted to evapotranspiration over cropland using a
series of monthly varying cropping coefficients (Kc). While the reference ET assumes a time-
invariant ground-cover of grassland, the cropping coefficient modifies this to represent evapotran-
spiration from a seasonally-varying cropped area.
ETc = Kc∗ET0
Values for Kc are typically broken into values at planting (Kcinitial), for mature crops (Kcmid)
and just before harvesting (Kcend). Table 4 indicates the months of planting, flowering and harvest
for each crop. Table 5 details the Kc values, following from Allen et al. (1998), used for each crop.
A uniform Kcinitial of 0.1 was used for all crops. Values for months between Kcinitial , Kcmid and
Kcend were derived by linear interpolation.
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Next the evapotranspiration is modified according to an estimate of soil water stress to account
for the fraction of water extractable by plants:




where w is the soil moisture, and w∗ is the plant extractable water capacity. For a given month,





where P is precipitation, ET is evapotranspiration over the cropped area, and R is runoff.
Plant Flower	start Flower	end Harvest
Wheat May-June September November December
Maize October January March May
Soybean October January March April
Safrinha	cycle	maize February March April June
Safrinha	cycle	soybean September November January February
Table 4: Crop growing seasons in Brazil.
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Plant Flower	start Flower	end Harvest
Wheat May September November December
Maize October January March May
Soybean October January March April
Safrinha	cycle	maize January February April April
Safrinha	cycle	soybean September November January February
Kc_mid Kc_mid Kc_end
Wheat 1.15 1.15 0.35
Maize 1.2 1.2 0.5
Soybean 1.15 1.15 0.5
Safrinha	cycle	maize 1.2 1.2 0.5
Safrinha	cycle	soybean 1.15 1.15 0.5
Table 5: Evapotranspiration Kc parameters.
2.3.6 SWC in different crop rotations during ENSO life-cycles
In this analysis we investigate two main cropping cycles currently practiced in Brazil. The first
cropping cycle represents a rotation of wheat, maize, soybean and winter cover crop over three
years. Because this crop rotation is three years long, different parcels of land may be at three
different stages of the cycle in any given year. We therefore use three sequences of Kc values to
represent each potential stage of the cycle for a given year. These sequences of Kc values are used
to calculate SWC, which is then averaged to represent the mean state of soil moisture. The second
cropping cycle represents a shorter-season rotation of soybeans and maize in a single year (which
we refer to as a ‘safrinha cycle’). See the Results section and Figure 23 for a further discussion of
these two cropping cycles. Finally, the SWC calculated for each cropping cycle over the complete
observational period (1950 - 2010) is composited into El Nin˜o and La Nin˜a life-cycles to estimate
how the choice of cropping cycle affects SWC in ENSO years.
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2.4 Results
2.4.1 ENSO life-cycles and yield anomalies
The first row of panels in Figure 16 illustrate that during the mean El Nin˜o life-cycle, sea
surface temperature (SST) anomalies in the tropical Pacific tend to be slightly negative in the winter
prior to peak El Nin˜o (EN -1) and return to a slightly negative state by the following winter (EN 1).
La Nin˜as, on the other hand, develop following El Nin˜os and persist for two winters thereafter (Fig.
15). In the following discussion EN 0 and LN -1 both represent El Nin˜o conditions, while LN 0 and
LN +1 denote La Nin˜a conditions. In this analysis we discuss ENSO-induced yield and production
anomalies. For a detailed description of the physical mechanisms that link tropical Pacific SST
anomalies to yield anomalies of maize, wheat and soybean via flowering-season temperature and
precipitation teleconnections, see Anderson et al. (2016).
We first analyze the distribution of state-level yield anomalies in each country over the course
of El Nin˜o and La Nin˜a life-cycles. This analysis is intended to illustrate how the timing and
sign of anomalies are distributed during the life-cycle of ENSO. We will later convert these yield
anomalies to production anomalies and combine them to estimate total Pan-American production
anomalies for each year.
Maize yield anomalies are of mostly the same sign across North and South America during
years of peak positive (EN 0, LN -1) and negative (LN 0) SST anomalies (Fig. 16). The most
notable exception to this same-sign variability is Brazil, which often shows yield anomalies of an
opposite sign to those of the US and Argentina. The split between Argentina and Brazil likely
reflects the north-south dipole in precipitation anomalies induced by ENSO during boreal winter
(Anderson et al. 2016). The pattern of same-sign variability in the US and Argentina is also clear
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Figure 16: Distributions of state/province maize yield anomalies for each country. Solid boxes indicate
samples that are statistically significant (p < 0.1). Red lines indicate distribution medians and red squares
indicate distribution means. Countries are abbreviated on the x-axis (United States (US), Mexico (MX),
Argentina (AR) and Brazil (BR)), with the harvest and flowering months shown in parenthesis.
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in the correlated states analysis (Fig. 16).
The influence of ENSO on state-wise soybean yield anomalies is not clear when all states
in each country are considered. However, when only states that are significantly correlated with
ENSO are included in the analysis, a clear life-cycle of yield anomalies in the US and Argentina
emerges (Fig. 17). This life-cycle is a direct reflection of the SST anomalies, including the per-
sistently negative anomalies during both LN0 and LN1 years. Yield anomalies in Mato Grosso,
Brazil, are statistically significant but of a modest magnitude, indicating a potential sensitivity to
the method of calculating anomalies.
The relation between ENSO and wheat yields in North America is complicated by the presence
of both spring and winter wheat. In this analysis we show results only for winter wheat in North
America, which accounts for about 72% of North American wheat. When we later convert these
yield anomalies to production anomalies, we use total wheat production (winter + spring) in the
denominator to calculate percent production anomalies (see methods).
The relation between ENSO and wheat yields in the Americas can be conceptually split into
two parts. The first is the same-season teleconnections in South America, in which an El Nin˜o
creates excess moisture that often leads to an increased probability of disease for wheat crops
(Cunha 2001). The second is lagged teleconnections in North America, in which an El Nin˜o
increases winter precipitation that then persists via soil moisture into the spring flowering season
and increases winter wheat yields (Anderson et al. 2016). These two indirect teleconnections lead
to same-sign yield variability in a given year (Fig. 18)
63
Figure 17: Distributions of state/province soybean yield anomalies for each country. Solid boxes indicate
samples that are statistically significant (p < 0.1). Red lines indicate distribution medians and red squares
indicate distribution means. Countries are abbreviated on the x-axis (United States (US), Argentina (AR)
and Brazil (BR)), with the harvest and flowering months shown in parenthesis.
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Figure 18: Distributions of state/province winter wheat yield anomalies for each country. Solid boxes
indicate samples that are statistically significant (p < 0.1). Red lines indicate distribution medians and red
squares indicate distribution means. Countries are abbreviated on the x-axis (United States (US), Argentina
(AR) and Brazil (BR)), with the harvest and flowering months shown in parenthesis.
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2.4.2 Pan-American production anomalies
We next construct time series of Pan-American production anomalies (see methods), which are
binned by phase of the El Nin˜o and La Nin˜a life-cycles, to estimate the magnitude and progression
of ENSO-induced anomalies. Here we also include an EOF analysis of Pan-American production
anomalies as an alternative method of estimating the major drivers of production variability.
For maize, production anomalies are on average 5% of expected production during EN 0, LN
-1 and LN 0 years (Fig. 19). Both this binned production anomaly analysis and the correlation
with same-season SST anomalies in the tropical Pacific indicate that the first principal component
represents a time series of production anomalies related to tropical Pacific SSTs. These production
anomalies are consistent in sign and magnitude between the ‘all states’, the ‘correlated states’ and
PC1 of the EOF analysis. While we might have predicted a priori that ENSO would be the leading
mode of the EOF analysis, we might not have expected ENSO to dominate total Pan-American
maize production variability.
Pan-American soybean production anomalies demonstrate similar coherence at large scales,
although the timing of the anomalies is different from that of maize (Fig. 20). Soybean production
anomalies are greatest during peak El Nin˜o (EN 0 and LN -1 in Fig.6) years and during second-year
La Nin˜as (LN 1), when hemispheric yield anomalies are additive (see Fig.3. for yield anomalies).
During the transition from El Nin˜o to La Nin˜a (LN 0), the flowering season in North America
occurs during positive SST anomalies while the flowering season in South America occurs during
negative SST anomalies, which leads to offsetting yield anomalies in LN 0 years (see Fig. 17).
Production variability associated with EOF1 (30.0% of total production variability) is related to
the tropical Pacific and resembles that of the correlated states and of the all states analyses. As
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with maize, the pattern of production anomalies is robust across all analyses. The coherence in
these anomalies is noteworthy provided the hemispheric and seasonal separation between North
American and South American flowering seasons.
Similar to the yield anomaly analysis, the Pan-American wheat production anomaly time series
can be conceptually separated into lagged teleconnections and same-season teleconnections. The
time series of production anomalies induced by lagged teleconnections is significantly correlated
with previous-season tropical Pacific SST anomalies (Fig. 21). This relationship appears in the
analysis of all states, the correlated states, and PC1 (48.9% of the variance) as an increase in yield
in the year following an El Nin˜o (EN 1, LN 0), although there is no visible decrease in yield in the
year following a La Nin˜a (LN 1; see Fig. 21). The production anomalies induced by same-season
teleconnections are represented in PC3 (8.0% of total production variance), which is negatively
correlated with same-season winter Pacific SST anomalies. The production anomalies of PC3 are
of the same sign as PC1, but of a smaller magnitude. When taken together, the analyses in Figure
21 support the idea that the lagged ENSO teleconnection in North America is the dominant driver
of Pan-American wheat production variability.
2.4.3 Production intensification and ENSO teleconnections
The vulnerability of global agriculture to climate-induced risks is not static in time. It evolves
with the location, timing and intensity of regional cropping patterns. From 2002-2011, the har-
vested area of staple crops (cereal, oil, sugar, fiber, tuber and root crops) increased globally at a
rate of 9.8 million hectares per year (Grassini et al. 2013). But not all of this increase in harvested
area was a physical increase in the area under cultivation. From 2000-2011, the rate of expansion
in harvested area attributable to an increased crop harvesting frequency was four times greater
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Figure 19: Maize Pan-American production anomalies. Solid boxes indicate samples that are statistically
significant (p < 0.1). Red lines indicate distribution medians and red squares indicate distribution means.
Stippling in the SST correlation plots indicates statistically significant (p < 0.1) correlations with December
of either the same year (December (0)) or the previous year (December (-1)). Stippling significance is
corrected for serial correlation and accounts for false discovery due to multiple tests (see methods).
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Figure 20: Soybean Pan-American production anomalies. Solid boxes indicate samples that are statistically
significant (p < 0.1). Red lines indicate distribution medians and red squares indicate distribution means.
Stippling in the SST correlation plots indicates statistically significant (p < 0.1) correlations with December
of either the same year (December (0)) or the previous year (December (-1)). Stippling significance is
corrected for serial correlation and accounts for false discovery due to multiple tests (see methods).
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than the rate attributable to an increase in physical area (Ray and Foley 2013). In fact, the crop
harvesting frequency across much of Central and South America is estimated to be well below
the maximum potential crop harvesting frequency (see Fig. 18 of Ray and Foley, 2013), imply-
ing a potential for production increases across much of the region. As such, it’s relevant to ask
how changes in crop harvesting frequency will impact ENSO-induced Pan-American production
variability.
2.4.4 Increasing crop harvesting frequency affects yield teleconnections
To demonstrate how ENSO teleconnection are affected by increasing crop harvesting fre-
quency, we will consider the example of changing cropping patterns in Brazil. Until the late 1990s,
most maize in Brazil has been grown in a cropping rotation of wheat, maize, soybean and a winter
cover crop. Although the time of planting can be variable, rotations consist of roughly four crops
and two cover crops planted in the span of three years. In recent years, however, a cropping cycle
of maize, soybean and a winter cover crop has become common. Each crop is grown in a shorter
season such that six crops and three cover crops are harvested in three years. This new cropping
cycle, in which the maize is referred to as ‘safrinha’ – meaning ‘short season’ – maize, changes the
timing and duration of the growing season for both soybean and maize. We will refer to this crop-
ping cycle (i.e. soybeans – safrinha maize) as a safrinha cropping cycle. Figure 22 illustrates how
the rapid rise in total production of safrinha maize drastically altered the agricultural production
landscape of Brazil. Safrinha maize, which was a minor source of production in the year 2000,
became the dominant source of maize production in Brazil by 2015. Table 5 lists the simplified
representation of planting, flowering, and harvest months of each crop in each cropping cycle used
in this analysis. Note that all analyses for Brazil in the previous sections were based on statistics
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Figure 21: Winter wheat Pan-American production anomalies. Solid boxes indicate samples that are sta-
tistically significant (p < 0.1). Red lines indicate distribution medians and red squares indicate distribution
means. Stippling in the SST correlation plots indicates statistically significant (p < 0.1) correlations with
December of either the same year (December (0)) or the previous year (December (-1)). Stippling signifi-
cance is corrected for serial correlation and accounts for false discovery due to multiple tests (see methods).
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of total (safrinha + traditional) maize production, but in this section we differentiate between the
two. The second and third rows of Figure 22 plot state-wise yield anomalies of total maize and of
safrinha maize during El Nin˜o and La Nin˜a.
To estimate what effect changing cropping cycles has had on yield anomalies, we analyze the
percent yield anomalies of each type of maize during El Nin˜o (EN 0) and La Nin˜a (LN 0) in the
major safrinha maize producing states (Mato Grosso, Parana´, Mato Grosso do Sul, Sa˜o Paulo and
Minas Gerais). In these states, ENSO appears to influence safrinha maize but not maize grown in
the traditional cropping cycle (third row, Fig. 22). Safrinha maize yield anomalies are significantly
positive during El Nin˜o years and negative during La Nin˜a years. This distribution of state-wise,
ENSO-induced, yield anomalies is opposite that of traditional maize when all states in Brazil are
considered (second row, Fig. 22). The difference in the response of traditional maize to ENSO
in the ”all states” compared to the ”major safrinha states” analysis is a reflection of the growing
location of each crop, consistent with the dipole in the ENSO teleconnections in Brazil (Figure
15. The more numerous states of the Northeast dominate the state-wise yield distribution but
account for relatively little of the total production, while further south maize yield anomalies are
of the same sign as those in southeast South America (Cunha 2001). However, these differences
in growing location cannot explain why ENSO affects safrinha maize yields but not early maize
yields in the major safrinha producing states.
The observed difference in ENSO-induced variability may be related to (1) a change in the
timing of the planting season and therefore a change in the ENSO teleconnections during that
season, (2) a change in moisture demand resulting from increased cropping intensity, or (3) a
difference in management of the two crops. To test the climate-related hypotheses, we use a soil
water balance with two imposed cropping cycle evapotranspirations (ETs), one relating to each
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cropping cycle.
2.4.5 Increasing crop harvesting frequency affects soil water content
It?s worthwhile to compare the seasonally varying evapotranspiration caused by crops with
the climatology of and ENSO teleconnections to precipitation. Figure 23 illustrates the timing of
seasonal precipitation and the Kc curves used to modify the potential evapotranspiration (ET0) and
calculate the soil water content (SWC). Moving from a traditional cropping season to a safrinha
cropping cycle moves the crop flowering season away from the months of peak climatological
precipitation towards the drier shoulder months. In terms of ENSO teleconnections, El Nin˜o years
result in wetter conditions throughout the growing season, while La Nin˜a conditions result in drier
conditions. There is a notable exception for La Nin˜a in March, which coincides with the start of
the safrinha maize season, although precipitation is below climatology for the remainder of the
season (Fig. 23).
We also show correlations between anomalies of soil water content (SWC’) calculated using
ET0, and 0-40 cm soil moisture anomalies from the Noah land surface model in Figure 23. The
good correlations over southeast South America, where land cover is often similar to the grass-
land type assumed in the ET0 calculation, indicates that our simple SWC calculation matches the
soil moisture estimates from a more complex land surface model (Fig. 23). We further test the
reliability of the SWC calculated using the Kc curves to modify ET0 by comparing correlations
between state crop yield anomalies and state-averaged percent SWC anomalies (Tables 6, 7, 8),
using analogous correlations between yield anomalies and Noah percent soil moisture anomalies
as a benchmark. Our SWC anomalies correlate with yields as well as Noah soil moisture anoma-
lies in nearly all cases. However, for the soybean correlations in Table 8 we were forced to assume
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Early	Maize Safrinha Maize
Figure 22: Maize production in Brazil and distribution of state yields separated by cropping cycle and
location. The numbers in each box plot indicate the number of samples in that distribution. The p-value
below each plot is an indication of the likelihood that El Nin˜o and La Nin˜a distributions are statistically
significantly different from one another.
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soybeans were grown during the traditional cropping cycle – and therefore to correlate them with
SWC anomalies from the traditional growing season – because no separate statistics for safrinha-
cycle soybeans were available. This simplification makes comparison of yield anomalies and SWC
anomalies difficult because both safrinha-cycle and traditional-cycle soybean yield anomalies con-









Figure 23: Reference evapotranspiration (ET) correlation with Noah soil moisture (right) and Kc curves
used later to modify the reference ET and precipitation (left panels). Black dotted line indicates precipitation
climatology, solid red (blue) lines indicate mean precipitation during El Nin˜o (La Nin˜a) years.





between the safrinha-cycle seasons and the traditional seasons, which reflects a








MT 0.27 0.59 38.39
PR 0.26 0.60 26.24
MS 0.49 0.59 14.87
GO 0.53 0.46 10.24
SP 0.66 0.85 4.11
MG 0.21 0.14 1.22
RS - - 0
SC - - 0
Table 6: Correlations between safrinha season maize yield anomalies and two metrics of soil stress during
the growing season. Soil water content (SWC) is taken to be a percent of soil water holding capacity, soil
moisture is taken from 10-40 cm layer of the Noah land surface mode. Both quantities are averaged over
each state.
changes in the average departure from that mean (SWC′) during a particular phase of ENSO, which
reflects the differences in seasonal ENSO teleconnections. For EN 0 years, for example:










where the subscript ‘saf’ indicates the SWC dataset created using ET0 altered by the safrinha
Kc curve, and ‘trd’ indicates the SWC dataset created using ET0 altered by the traditional Kc
curve. NEN0 indicates the number of EN 0 years in the composite and the subscript iy indicates a








PR 0.60 0.45 20.31
MG 0.20 0.33 18.48
RS 0.65 0.74 14.05
SC 0.49 0.62 9.96
SP 0.40 0.56 9.96
GO 0.16 0.22 9.45
MT 0.17 -0.10 1.52
MS 0.47 0.39 1.25
Table 7: As in Table 6 but for early season maize yield anomalies in the traditional cropping cycle.
Figure 150 demonstrates that for much of Brazil, shifting the maize growing season from the
traditional season (Oct - May) to the later, shorter safrinha season (Feb - Jun) leads to considerable
climatological mean drying during maize flowering months, which may also be seen in Figure
23. This drying can, in part, explain why the safrinha cropping cycle is most widespread in the
state of Mato Grosso, which experiences only minimally drier conditions during safrinha flowering
months compared to the traditional maize flowering months. To the south and east, however, there
is a considerable decrease in SWC in the states of Parana´, Mato Grosso do Sul, Sa˜o Paulo and
Goia´s, which collectively account for 55% of safrinha maize production. We can expect that a
greater average soil water stress may leave crops more vulnerable to precipitation failures, which
is consistent with the hypothesis that the greater safrinha maize yield anomalies observed in Fig.
22 are related to ENSO.
Changing from a traditional maize cropping cycle to a safrinha cropping cycle will not only
cause the SWC to be lower on average during flowering months, but also to be more variable during








MT -0.02 -0.26 29.07
PR 0.59 0.71 19.10
RS 0.61 0.81 13.99
GO -0.04 -0.04 11.21
MS 0.45 0.54 7.45
MG 0.14 0.33 4.32
SP 0.17 0.47 2.35
SC 0.51 0.77 1.8
Table 8: As in Table 6 but for soybean yield anomalies in the traditional cropping cycle.
traditional and safrinha seasons in Fig. 150). These results further support the idea that switching
from a traditional cropping cycle to a safrinha cropping cycle will increase ENSO-forced yield
variability in ENSO years.
The consequences of moving from a traditional cropping cycle to a safrinha cropping cycle are
much the same for soybean as they were for maize. There is a net climatological drying during
the flowering months on average in Southern Brazil, and an increase in SWC variability during
ENSO years (Fig. 25). However, while the safrinha maize flowering months are shifted later in the
year relative to the traditional growing season, the soybean flowering months are shifted earlier in
the year towards strong ENSO precipitation teleconnections (Fig. 23). The increase in strength of
teleconnections is apparent in Figure 25, and implies that shifting to a safrinha cropping cycle may
intensify the ENSO-forced yield anomalies of soybeans in addition to maize.
Another way to visualize the changes in SWC is to take a box-average (see box in Figs. 24 and
25) chosen to cover a portion of the states of Parana´, Mato Grosso do Sul, Sa˜o Paulo and Goia´s
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Figure 24: Differences between soil water content during the traditional (SWCtrd) and safrinha (SWCsa f )
maize flowering months. Both SWCsa f and SWCtrd is decomposed into mean (SWC) and anomaly (SWC′)





. Departures from each mean state during El Nin˜o and La Nin˜a life-cycles (ENSO teleconnections)
shown in the right four columns
(




. Brazilian states and box average for Fig. 26 shown
in bottom left panel.
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Figure 25: Differences between soil water content during the traditional (SWCtrd) and safrinha (SWCsa f )
soybean flowering months. Both SWCsa f and SWCtrd is decomposed into mean (SWC) and anomaly (SWC′)





. Departures from each mean state during El Nin˜o and La Nin˜a life-cycles (ENSO teleconnections)
shown in the right four columns
(




. Brazilian states and box average for Fig. 26 shown
in bottom left panel.
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previously discussed. Figures 26 and 27 show the SWC for each cropping cycle over the course
of an El Nin˜o and La Nin˜a life-cycle for maize (Fig. 26) and soybean (Fig. 27). The decrease
in precipitation during La Nin˜a (LN 0, LN 1) leads to more severe soil water stress during both
traditional and safrinha cropping cycles. The increased precipitation during El Nin˜o (EN 0 and
LN -1) occurs most strongly in the early portion of the rainy season and so leads to the largest
increase in SWC during the safrinha cycle soybean flowering months. These results reiterate the
conclusions from Figures 24 and 25: that switching to a safrinha cropping cycle may increase both
maize and soybean yield variability as a result of moving the flowering seasons into months with
strong ENSO teleconnections.
These results are consistent with Cohn et al. (2016), who demonstrate that farmers practicing
double cropping - soybeans followed by safrinha maize - reduce cropping frequency in response to
climate shocks, such as ENSO. Farmers choose to grow a longer, single season crop of soybeans in
years with climate shocks rather than try to fit in a double crop, which, as we have demonstrated,
would negatively affect the yield of both crops. Such behavior complicates the relationship be-
tween ENSO and crop yields, but intensifies influence of ENSO on total Pan-American production.
Our results reinforce a growing focus on the need to understand how climate shocks may influence
harvested areas (Iizumi and Ramankutty 2015).
2.5 Conclusions
In this analysis we demonstrated that despite occurring in different hemispheres and seasons,
local ENSO-induced yield anomalies in major producing parts of North and South America –
particularly the United States and southeast South America – are often of the same sign for a given
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Figure 26: Soil water content (SWC) over the southern safrinha growing area (Parana´, Mato Grosso do Sul,
Sa˜o Paulo and Goia´s; box in Figs 24 and 25) during maize flowering months. Blue boxes represent the SWC
calculated using the traditional cropping cycle Kc values, orange boxes are the SWC calculated using the
safrinha cropping cycle Kc values during an El Nin˜o (top row) and La Nin˜a (bottom row) life-cycle.
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Figure 27: Soil water content (SWC) over the southern safrinha growing area (Parana´, Mato Grosso do Sul,
Sa˜o Paulo and Goia´s; box in Figs 24 and 25) during soybean flowering months. Blue boxes represent the
SWC calculated using the traditional cropping cycle Kc values, orange boxes are the SWC calculated using
the safrinha cropping cycle Kc values during an El Nin˜o (top row) and La Nin˜a (bottom row) life-cycle.
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year, which means ENSO poses a correlated risk to crop production in the Americas. ENSO-
induced production anomalies account for 72%, 30% and 57% of Pan-American maize, soybean
and wheat production variability, respectively. ENSO-induced variability is greatest for maize,
with median anomalies of 5% relative to expected production.
The implications of our analysis for food production are threefold: 1. ENSO poses a risk to
agriculture that is correlated across hemispheres. 2. ENSO-induced production anomalies follow
a multi-year evolution as a result of ENSO life-cycles. Poor Pan-American harvests of maize and
soybean attributable to La Nin˜a tend to follow years with above expected production attributable to
El Nin˜o, a fact that could inform policies relating to food stocks and food production. 3. Increases
in the frequency of crop harvesting can increase ENSO-induced anomalies due to the timing and
location of the double-cropping flowering seasons as compared to the single-cropping flowering
season, as has been the case in Brazil.
ENSO life-cycles force a clear multi-year evolution of both Pan-American maize and soybean
production anomalies. Wheat production anomalies are also influenced by ENSO, but demonstrate
greater variability within a given year of an ENSO life-cycle. Maize production anomalies are
greatest during El Nin˜os (EN 0) and first-year La Nin˜as (LN 0), while soybean production anoma-
lies are greatest during El Nin˜os and second-year La Nin˜as (LN +1), when soybean yield anomalies
are of the same sign in North and South America. During LN 0 years soybean yield anomalies in
North America are often offset by those in South America.
In addition to characterizing present-day ENSO-induced production variability, we analyzed
how changing cropping patterns have influenced the vulnerability of agriculture to ENSO. We
found that increasing the number of cropping cycles per year in areas with strong ENSO telecon-
nections has led to greater ENSO-induced production variability. Fitting two cropping cycles into
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the space of a single rainy season makes growing conditions more vulnerable to ENSO-induced
precipitation deficits, particularly when it moves flowering season months towards months with
stronger ENSO teleconnections. We demonstrated this using crop statistics and calculations of
soil water content for safrinha maize in Brazil, which shows increased production variability at-
tributable to ENSO when compared with traditional maize grown in the same areas. In fact, switch-
ing to a safrinha cropping cycle (soybeans - safrinha maize) may have an impact on production
variability of both soybeans and maize because precipitation deficits forced by La Nin˜a are great-
est in the beginning of the rainy season during safrinha-cycle soybean flowering months. However,
there are no separate crop statistics available to confirm this.
While observed increases in crop harvesting frequency have exacerbated ENSO-induced anoma-
lies, knowledge of the spatial structure of ENSO teleconnections could instead be leveraged to
offset anomalies by intensifying production in regions with offsetting ENSO teleconnections. For
example, while an increase in maize production in southeast South America will intensify ENSO-
induced anomalies because ENSO teleconnections in the region are of the same sign as in North
America (see Fig. 15), an increase in maize production in northeast Brazil will offset production
anomalies in North America and southeast South America.
As the single most prominent source of crop production variability, it is crucial that we continue
to characterize correlations in the spatial and temporal risks posed by ENSO. Understanding the
globally-coherent teleconnections of ENSO is particularly relevant for countries that rely on trade
to mitigate weather-induced production shocks. And in the future, as we increase global crop
production, it’s important to consider how we are changing the vulnerability of our agricultural
system to ENSO-induced temperature and precipitation anomalies. Our analysis considers only
three crops in North and South America, but these considerations are applicable globally.
85
3 Trans-Pacific ENSO teleconnections pose a correlated risk to
agriculture
3.1 Introduction
In a global economy, food insecurity can be caused not only by local crop failures, but also by
crop failures in distant food-exporting regions (Puma et al. 2015; Marchand et al. 2016). Crop fail-
ures in major producing regions can increase food prices globally with greatest impact on import
dependent trade partners (d’Amour et al. 2016). Understanding the food security of any nation,
region, or the world, therefore, requires that we understand production variability globally and
how this impacts food availability via the global food trade system. Of particular interest is the
co-variability of major food producing regions – do they tend to vary in-phase or out-of-phase
generating compounding or offsetting global-scale production variability?
Climate variability can affect the crop yields of geographically distant regions simultaneously
or in sequence. The El Nin˜o Southern Oscillation (ENSO), as a major source of temperature and
precipitation variability, is among the most important modes of climate variability for global food
production (Trenberth et al. 1998b; Mason and Goddard 2001). Spatially, both El Nin˜o and La Nin˜a
have distinct patterns of teleconnections to climate at a global scale (Bjerknes 1969; Trenberth et al.
1998b; Alexander et al. 2002b). From an interannual perspective, ENSO exhibits a characteristic
multi-year life cycle of sea surface temperature (SST) and zonal wind anomalies (Rasmusson and
Carpenter, 1982). Furthermore, the transition from an El Nin˜o state to a La Nin˜a state tends to be
phase locked to the seasonal cycle (Wang and Picaut 2004), and therefore intersects crop flowering
seasons in a predictable manner. By creating unfavorable growing conditions in many regions
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simultaneously or in sequence, ENSO can pose a correlated risk to our globalized agricultural
economy (Anderson et al. 2017).
Recent studies have detailed the impacts of ENSO on crop yields globally (Iizumi et al. 2014a),
but we lack a unified framework for understanding the mechanisms behind how these yield anoma-
lies relate to one another. This is, in part, because the climate analyses of global ENSO teleconnec-
tions often focus on the season when teleconnections are strongest rather than the seasons when
crops are most vulnerable to climate anomalies. And while there are studies that analyze the dy-
namic processes by which ENSO affects crop yields, these tend to be regional analyses that focus
on one specific season. Fragmenting the literature in this way makes it difficult to understand how
ENSO-induced crop yield anomalies relate to one-another.
For example, when considering major soybean producers we might be interested in how ENSO-
induced yield anomalies in the United States relate to those in China and Southeast South America.
Are they all part of a single circulation pattern that spans the basin and persists throughout the year
or is each region affected by independent teleconnections that develop locally at different times of
the year? Do El Nin˜o or La Nin˜a events (hereafter generalized as ENSO events) have the same
impacts on production in all regions or are losses in one region and at one time compensated for by
gains elsewhere and at other times? Answering these questions is critical for understanding how
closely linked the yield anomalies are, but doing so requires considering both spatial variations in
the climate teleconnections and the timing of each circulation anomaly in relation to major crop
growing seasons.
In this analysis we will address two main questions: (1) How are ENSO climate teleconnections
during the growing seasons in the Americas, China and Australia related to one another? and
(2) Within a single growing year, are ENSO-forced heat and moisture stress anomalies generally
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compounding or offsetting across major producing regions?
In the following sections we will first identify the trans-Pacific atmospheric teleconnections
relevant during the growing seasons of maize, wheat and soy. Next, we translate the climate
variables into measures that are relevant for agriculture (soil moisture and killing degree days). We
then use a multi-model ensemble to identify which teleconnections from the observational analysis
are most robust. Through these analyses we construct a coherent framework, which we summarize
in the final section, for understanding how trans-Pacific ENSO teleconnections affect crops over
the course of an ENSO life cycle.
3.2 Methods and data
To analyze how life cycles of ENSO affect crop growing conditions in the greater Pacific basin
region, we (1) identify relevant ENSO years, (2) define the climate sensitive months of the local
growing season at each location during those years, and (3) define metrics of heat and moisture
stress during those months to use in a composite analysis. To analyze the global atmospheric
dynamics that give rise to local growing season teleconnections, we define a discreet number of
seasons that include the climate-sensitive portions of local growing seasons. We then create com-
posites of atmospheric variables during these seasons for each year in the ENSO life cycle. Finally,
we estimate how robust observed teleconnections during local growing seasons are by using an en-
semble of SST-forced atmospheric models. In the following sections we describe the methods and
data used in each of these analyses.
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3.2.1 Defining ENSO life cycles
The first step in our analysis is to construct ENSO life cycles. To do so, we identify years in
which the October-November-December SST anomaly in the Nin˜o 3.4 region as measured by the
Oceanic Nin˜o Index exceeded 0.5 standard deviations, which corresponds to an absolute departure
of just under 0.5◦C. These ENSO ‘event years’ are listed in grey above panels 1 and 2 of Figure
28. Each life cycle consists of three years: an ‘event year’ as well as one year preceding and one
year following the event. Years were not allowed to be double counted as an ‘event year’ in one
life cycle and as a following or preceding year in another life cycle. Because SST anomalies in the
Nin˜o 3.4 region tend to develop and decay in boreal spring (Rasmusson and Carpenter, 1982; or
see Fig. 28), we use a May-April ‘ENSO year’.
3.2.2 Identifying climate sensitive portions of the growing season
How crop yields respond to an abiotic stress depends on the stage of development at which
the stress is applied. Many crops are relatively insensitive to stresses applied during the vegetative
stages of development but respond strongly to stress applied around the time of flowering, which
determines the number of grains that develop per planted area (Siebers et al. 2017; Barnaba´s et al.
2008). We use the global crop calendar of Sacks et al. (2010) to estimate crop harvest dates by
location and consider the three months prior to harvest as the season around flowering. We use the
primary harvest dates from the Sacks et al. (2010) data where multiple harvest dates are available
for maize. For wheat, we use winter wheat harvest dates in all countries except Australia and
Canada, where we use spring wheat harvests. While both the US and China grow a spring wheat
crop, we choose to focus our analysis on the larger winter wheat crop. Due to data constraints,
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Figure 28: Three year El Nin˜o (top panel) and La Nin˜a (second panel) composites of the Oceanic Nin˜o
Index, which is calculated as the three month running mean of sea surface temperatures in the Nin˜o 3.4
region. Ensemble mean shown in bold. Ensemble event years (EN 0 or LN 0) in grey above each panel.
Rows three, four and five are a simplified representation of harvest months (brown) and the three months
around flowering (gold) based on Sacks et al. (2010). Black boxes indicate seasons used in the atmospheric
analysis.
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we use the static harvest dates of Sacks et al. (2010), although in practice planting and harvest
dates will be variable and may depend on the growing conditions for that year. The dataset is
largely interpolation in some regions, such as northeast Brazil and parts of China (see Sacks et al.
(2010)for details), which may bias our results in these areas. Although the crop calendars in Sacks
et al. (2010) are subnational, we include a simplified country-level approximation of the crop
calendars in the bottom three panels of Figure 28 for comparison to the ENSO life cycles in the
top two panels. To mask out minor and non-producing regions, we only plot teleconnections for
locations in which the harvested area of a given crop corresponded to at least 0.1% of the total area
for that pixel according to the Monfreda et al. (2008) dataset of global harvested areas. While the
Monfreda et al. (2008) dataset represents harvested areas around the year 2000, actual harvested
areas may have changed over time in some regions (most notably in Brazil).
3.2.3 Calculating crop-relevant variables
Even when climate teleconnections exist during crop flowering seasons, they do not always
translate to yield anomalies. Crop yields respond not to variations in precipitation directly but
rather to soil moisture anomalies. We use 0-1m soil moisture estimates from the Noah Land
surface model version 3.3 in the Global Land Data Assimilation System version 2 (Rodell and
Kato Beaudoing 2015), which is available from 1948-2010, to calculate the average soil moisture
anomaly during the flowering season. We average the flowering season soil moisture over the years
identified in Figure 28 to estimate ENSO teleconnections for each year in the life cycle. In terms of
temperature, crop yields benefit from increases in growing temperature up to a biophysical thresh-
old, at which point increases in temperature damage the reproductive organs of the plant and cause
declines in yields (Schlenker and Roberts 2009). To isolate the impact of harmful increases in
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maximum temperature around flowering, we follow the methods of Schlenker and Roberts (2009)
and Tai et al. (2014) (Supplementary Information) by using critical temperature thresholds (Tc) for
wheat, maize and soybean as 26◦C, 29◦C and 30◦C, respectively. Temperature thresholds are cho-
sen to identify detrimental, not necessarily lethal, temperatures. During the three months around
flowering, the number of ‘killing degree days’ (KDD) were then calculated using the Berkeley






where Tmax,i is the maximum temperature on the ith day of the flowering period (that lasts n days).
As with soil moisture, this calculation is performed for the 1948-2010 period.
3.2.4 Creating seasonal composites of atmospheric teleconnections
To understand whether ENSO poses a correlated risk to agriculture in the Americas, China
and Australia, it is necessary to analyze the evolution of large-scale atmospheric circulations over
the course of ENSO life cycles. Using the same ENSO years identified in Figure 28, we create
seasonal composites of ENSO teleconnections by averaging across all months in a season and
across all ENSO events. We use ERSSTv3b (Smith et al. 2008) for data on SST anomalies. For
geopotential height, vertical ascent and wind anomalies at 700hPa, we use the NCEP-NCAR Re-
analysis I for the years 1948-2010 (Kalnay et al. 1996). We choose to show the 700 hPa pressure
level as it is relevant for large-scale moisture transport. Atmospheric wind anomalies, which were
analyzed but not shown, may be inferred from geopotential height anomalies assuming geostro-
phy: low pressure anomalies are associated with cyclonic flow (counter-clockwise in the northern
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hemisphere, clockwise in the southern hemisphere) while high-pressure anomalies are associated
with anti-cyclonic flow. We analyze the large-scale atmospheric dynamics of ENSO teleconnec-
tions using three seasons: the early season (March, April, May, June; MAMJ), mid-season (July,
August, September, October; JASO), and late season (November, December, January, February;
NDJF). These seasons were chosen to overlap with crop flowering seasons, as depicted by rectan-
gles in the bottom panels of Figure 28. As we later demonstrate in section 3.2, the early season is
broadly relevant for the winter wheat growing season in China, Canada and the United States. The
mid-season is an imperfect compromise between northern hemisphere maize and soybean flower-
ing seasons and southern hemisphere wheat flowering seasons. Teleconnections in the late season
affect southern hemisphere maize and soybean flowering seasons.
3.2.5 Evaluating teleconnections using AMIP models
To evaluate which growing season teleconnections from the observational analysis are most
robust, we use a multi-model ensemble from the CMIP5 Atmospheric Model Intercomparison
Project (AMIP), in which atmospheric general circulation models are forced with observed SST
and sea-ice boundary conditions (Taylor et al. 2012). From the CMIP5 archive we select only
those models that have at least 5 ensemble members (CSIRO-Mk3-6-0, CCSM4, GFDL-CM3 and
IPSL-CM5A-LR have 10, 5, 5, and 5 ensemble members, respectively). Compared to the single
realization available in the historical record, the AMIP ensemble provides us with 25. Since the
weather in each model simulation is uncorrelated with that in each other, averaging across the
ensemble closely isolates the SST-forced component to all. Comparison to the AMIP ensemble,
therefore, allows us to evaluate whether the anomalies in the observed record are truly SST-forced
or an artifact of random climate ?noise? that has not averaged to zero in the composites due to the
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limited length of the historical record.. We use all models that have data for 1979-2009 in at least
five ensemble members. We calculate the multi-model mean by first averaging over the ensembles
of each model then averaging over all models. Averaging dampens internal atmospheric variability,
which will be uncorrelated between models and ensemble members and isolates the common SST-
forced response. We use the same flowering seasons as before to calculate the mean of the 2m daily
maximum temperature and seasonal precipitation anomalies, but (due to limited data availability)
are unable to calculate soil moisture or killing degree days for the AMIP models. Using a multi-
model ensemble and ensemble averaging allows a more robust estimation of SST-forced variability
than is possible in the observational record, but it is subject to model bias.
To further isolate the climate anomalies forced by the tropical Pacific, rather than the global
SST-forcing used in the AMIP models, we use runs from a single atmospheric general circulation
model (CCM3) forced with observed SST anomalies in the tropical Pacific and climatological
SSTs elsewhere (see Seager et al. (2005) for further details). This analysis confirms the dominance
of the tropical Pacific in forcing the observed climate anomalies.
3.3 Results
3.3.1 The timing of ENSO Life cycles and crop growing seasons
Following the growth of SST anomalies during an El Nin˜o year (hereafter referred to as EN0)
in boreal summer, SSTs tend to peak during late boreal fall, at which point they either decay back
to neutral (an EN+1 year) or the Bjerknes feedback is established in the opposite sense and the
system enters a La Nin˜a state (an LN0 year; Rasmusson and Carpenter, 1982; see Fig. 28). La
Nin˜as tend to persist for more than one year as the SST anomalies in the system slowly return to
94
neutral over the course of two years (Okumura and Deser 2010b; DiNezio and Deser 2014).
Southern hemisphere maize and soybean crops flower during the months of maximum ENSO
SST anomalies, while northern hemisphere crops tend to flower during the development or decay
stages (Fig. 28). In the southern hemisphere, wheat flowering occurs just prior to the peak of SST
anomalies. In the northern hemisphere, although the flowering season occurs during near-neutral
SST anomalies, there is evidence that these seasons may be affected by lagged teleconnections
from the previous winter, when SST forcing is at its strongest (Mauget and Upchurch 1999; An-
derson et al. 2016; Wang et al. 2000, 2001b,a; Weng et al. 2007).
3.3.2 The atmospheric dynamics of ENSO life cycles
During an ENSO life cycle, tropical Pacific SST anomalies can affect the atmosphere directly
or they can force SST anomalies in the Indian and West-Pacific Basins, which then affect the
atmospheric circulation a season later. In the following sections we will walk through, season-by-
season, the development of SST anomalies and their impact on the atmospheric circulation during
an ENSO life cycle. For reasons that will become clear, we begin our analysis with the JASO
season.
Teleconnections at the beginning (July and August) of the mid-season are relevant for northern
hemisphere soybean and maize flowering seasons (Fig. 28). During a developing El Nin˜o (EN0 /
LN-1), a cyclonic anomaly stretches across the north Pacific from Northeast China to the United
States (see Fig. 29 and 30). On the western flank of the cyclonic anomaly equatorward flow over
east China is associated with anomalous descent, which we may expect to inhibit convection and
lead to dry conditions. This is consistent with a balance between vortex compression (anoma-




























Figure 29: Three year El Nin˜o life-cycle of SST anomalies in ◦C (colors over the ocean), 700 hPa anomalous
ascent in Pascals per second (colors over the land) and geopotential height at 700 hPa (contours every 2.5
hPa) in the top three panels.
the cyclonic anomaly is associated with poleward wind anomalies and anomalous ascent (vortex
stretching). Given a moisture source we would expect this ascent to lead to positive precipitation
anomalies, although it is not clear that the anomalous ascent extends into the major maize pro-
ducing region of the US. During La Nin˜a (LN0), a trans-Pacific wave-train places ridges over the
United States, the North Pacific and Eastern China. The ridge over the US is intensified at higher
levels (not shown) and coincides with major maize and soy growing regions. The high pressure
center off the east coast of China leads to poleward flow over central China and therefore anoma-
lous ascent. A second ridge over far-north China leads to equatorward motion and descent. We will
show later that, similar to the North Pacific cyclonic anomaly in EN0, these anticyclonic anomalies




























Figure 30: Three year La Nin˜a life-cycle of SST anomalies in ◦C (colors over the ocean), 700 hPa anomalous
ascent in Pascals per second (colors over the land) and geopotential height at 700 hPa (contours every 2.5
hPa) in the top three panels.
The second half of the mid-season (September and October) is relevant for wheat in the south-
ern hemisphere, notably southeast South America and Australia. As in the Northern Hemisphere,
a single cyclonic anomaly stretches across the South Pacific during a developing El Nin˜o. The
eastern and western edges of the circulation roughly coincide with the continents (EN0 in Fig.
29; LN-1 in Fig. 30). The western flank (over Australia) coincides with equatorward motion,
descent and anomalously dry conditions. This is consistent with Chiew et al. (1998). The eastern
edge of the circulation, along with an anticyclonic circulation that develops at higher levels over
southeast South America, induce poleward flow, anomalous ascent and therefore positive precip-
itation anomalies over east Argentina (Grimm et al. 2000; Cazes-Boezio et al. 2003b; Anderson
et al. 2016). During La Nin˜a (LN0) these circulations essentially reverse, although the trough over
the south Pacific shifts west such that the cyclonic circulation over southeast South America (and
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associated precipitation anomalies) also shift southwest relative to EN0.
The late season, which coincides with maximum SST anomalies, is relevant for southern hemi-
sphere maize and soybean flowering seasons in southeast South America. During El Nin˜o (EN0)
events, a Gill-Matsuno-type response to tropical heating anomalies is visible in the tropics (Gill
1980; Matsuno 1966), which we discuss further in the next section. The mid-latitude wave-train
radiating out from the tropics establishes a ridge over subtropical South America, which induces
poleward motion and anomalous ascent over subtropical South America, but contributes to equa-
torward motion and anomalous descent over north-east Brazil (Grimm et al. 2000; Grimm 2003;
Cazes-Boezio et al. 2003b; Zhou and Lau 2001; Grimm et al. 1998). The ridge over southeast
South America during El Nin˜o and trough during La Nin˜a are more clearly visible at 200 hPa
(see Fig. 31). These atmospheric motions set up a dipole in precipitation such that southeast
South America is wet while northeast Brazil is dry. During La Nin˜a events (LN 0 in Fig. 30)
the circulation is generally opposite that of El Nin˜o (EN0, LN-1) although, as in the mid-season,
the circulation anomaly over southeast South America is shifted southwest during LN0. During
second-year La Nin˜as (LN+1) the circulation over southeast South America is similar to that in
LN0, but weaker.
SST anomalies during the late season affect not only the atmosphere but also remote ocean
basins. During an El Nin˜o event, subsidence over the Indian Ocean reduces cloud cover and
increases absorbed solar radiation, which increases SSTs in the region. This basin-wide warming
of the Indian Ocean persists into the following seasons and continues to influence the atmosphere
months after SSTs have peaked in the eastern Pacific (Klein et al. 1999; Xie et al. 2009; Wu et al.
2010).
The early season coincides with either (1) the nascent stages of developing warm SST anoma-
98
lies or (2) a transition between warm and cold SST anomalies (see Fig. 28). In the absence of
a strong tropical Pacific SST forcing, major aspects of the atmospheric circulation represent the
persistence of a response to ENSO SST anomalies from the previous season. For example, the
ridge off the east coast of China in the year following an El Nin˜o (see LN0 in Fig. 30) first devel-
ops in the late-season of the previous year (NDJF LN-1 in Fig. 30) as a remote response to central
Pacific SST anomalies but is sustained by a combination of local SST anomalies in the west Pacific
(Wang et al. 2001a, 2000) and Indian Ocean SST anomalies (Xie et al. 2009; Wu et al. 2010). The
anticyclonic circulation around this ridge is associated with poleward, rising air over east China
that increases precipitation. Previous studies have found that following an ENSO event, the Indian
Ocean can affect the atmospheric circulation over both Australia and China (Taschetto et al. 2011;
Annamalai et al. 2005; Yang et al. 2010, 2007).
The extratropical atmospheric anomalies in the northeastern Pacific appear to have persisted
from the tropical SST-forced anomalies of the previous season (NDJF; see Figs 29 and 30). In
the year following an El Nin˜o (EN+1, LN0) a cyclonic anomaly, which was established strongly
in NDJF of the previous year, extends over the North Pacific and the United States. In the year
following a La Nin˜a (LN+1, Fig 30), the pattern is reversed.
To confirm that the spatial extent and seasonal evolution of observed atmospheric anomalies
are, in fact, the result of tropical Pacific SST anomalies, we use a series of model simulations
that force an atmospheric general circulation model with SST anomalies from the tropical Pacific
during EN0 and LN0 (Fig. 31) events. The ENSO-forced atmospheric anomalies take the form
of a tropical Matsuno-Gill-type response that develops in the late summer and persists through to
the following spring. The tropical response drives global teleconnections that affect the climate
on continents in all four corners of the Pacific basin. During the late summer and early fall of a
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developing El Nin˜o or La Nin˜a, the tropical Pacific forces an atmospheric anomaly in the northern
midlatitudes that spans the Pacific from northern China to North America and in the southern
midlatitudes from Australia to southeast South America. This teleconnection directly links the
soybean and maize growing seasons of the US, Mexico and China. It also connects the wheat
growing seasons of Argentina, southern Brazil and Australia. The ENSO event peaks in boreal
winter, when the atmospheric circulation anomalies intensify and affect maize and soybeans in
southeast South America. As the event decays, the ENSO-induced circulation anomalies persist
through the wheat flowering seasons in China and the US. These modeling results confirm the
dominance of the tropical Pacific Ocean forcing of the trans-Pacific teleconnections.
3.3.3 Life cycles of ENSO teleconnections during local flowering seasons
El Nin˜os and La Nin˜as impose a fairly robust structure of teleconnections across hemispheres
during maize and soybean flowering seasons such that northern China, southern Mexico and north-
east Brazil have anomalies of one sign while the United States and Argentina experience anomalies
of the opposite sign. Figure 32 and ?? show how the teleconnections influence KDD and soil mois-
ture. During an El Nin˜o (EN0 and LN-1) year the maize/soybean flowering seasons in northern
China, northeast Brazil and southern Mexico are hot and dry, while the flowering seasons in Ar-
gentina are temperate and wet (see Fig. 32 and Fig. 33). Conditions in the US are mixed. During
LN0 these anomalies reverse: high maximum temperatures over much of the Americas and dry
soils in the United States lead to poor growing conditions, while in northern China and southern
Mexico moderate temperatures and high soil moisture is favorable for crop development. Al-
though the LN0 maximum temperature and soil moisture anomalies in the United States are more































Figure 31: El Nin˜o - La Nin˜a 200 hPa geopotential height anomalies in observations (first column) and those
forced by the Pacific Ocean (second column). SST anomalies shown in ◦C (colors) .
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are likely stable as evidenced by the relation between ENSO and maize yields found in long data
records (Handler 1984; Phillips et al. 1999).
Teleconnections during second year La Nin˜as (LN+1) bear little resemblance to LN0 telecon-
nections. This is unsurprising for the northern hemisphere, where the mid-season geopotential
height anomalies are different between LN0 and LN+1 (see Fig. 30) but is less intuitive for maize
and soybeans in southeast South America, where the late-season atmospheric anomalies in LN+1
are similar to, although weaker than, those in LN0.
The AMIP multi-model mean supports the observational analysis in that maize flowering sea-
sons in northern China, southern Mexico and northeast Brazil tend to vary together and in the
opposite sense of the United States and southeast South America (Figs. 34 and 35). During El
Nin˜o years (EN0, LN-1) northern China, southern Mexico and northeast Brazil are all hot and dry,
while the United States and southeast South America are cool and wet. During first and second
year La Nin˜as (LN0, LN+1) this pattern of moisture and temperature anomalies reverse with the
exception of maximum temperature anomalies in China and Brazil during LN0 (Fig. 35. The
anomalies during LN-1/EN0 events and their reversal in LN0 is clear, and implies robust tele-
connections. The results from the AMIP experiments agree well with the observational evidence
during EN0 and LN0 (compare Figs. 34 and 35 with Figs. 32 and 33). The AMIP teleconnections
during LN+1, however, are generally not present in the observational record and so should be in-
terpreted with caution. Disagreement could be caused by the observational results for LN+1 not
being only ocean-forced, or by model error in simulating genuine teleconnections during LN+1.
The structure of risks imposed by ENSO during wheat flowering seasons is more complicated
than that for maize/soybeans both because the dynamics are more complex (e.g. lagged telecon-












Figure 32: El Nin˜o life-cycle teleconnections during flowering seasons in observations: killing degree days
(in ◦days) and soil moisture in the top meter of soil (kg per square meter). Cropped areas without at least












Figure 33: La Nin˜a life-cycle teleconnections during flowering seasons in observations: killing degree days
(in ◦days) and soil moisture in the top meter of soil (kg per square meter). Cropped areas without at least













Figure 34: AMIP multi-model mean of teleconnections during El Nin˜o life-cycles during flowering seasons:













Figure 35: AMIP multi-model mean of teleconnections during La Nin˜a life-cycles during flowering seasons:
maximum temperature (in ◦C; top panel), seasonal precipitation (in mm; second panel).
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straightforward (e.g. disease is a potential problem in South America; Cunha et al. (2001)). During
EN0/LN-1 years, maximum temperatures are above average in southern China, the United States,
southern Brazil and Australia (see Fig. 32 and Fig. 33). These temperature anomalies are ac-
companied by dry anomalies in Australia, but wet anomalies in parts of Argentina. During LN0
damaging heat is only present in the northern Great Plains of Canada and the United States.
Because the northern hemisphere wheat flowering season immediately follows peak SST anoma-
lies during ENSO events (see Fig. 28), lagged teleconnections play a significant role in determin-
ing moisture anomalies in China and the United States. During boreal spring in the United States,
Mauget and Upchurch (1999) and Anderson et al. (2016) demonstrate that soil moisture anoma-
lies in the southern Great Plains during the wheat flowering season are significantly influenced
by ENSO-induced precipitation anomalies in the previous season. Combined with same-season
teleconnections, this forces wet soil moisture anomalies in the year following an El Nin˜o (EN+1
in Fig. 32, LN0 in Fig. 33). Lagged teleconnections, however, can also be maintained by SST
anomalies. In agreement with Wang et al. (2000), we find that during boreal winter of an El Nin˜o
year an anticyclonic circulation forms off the east coast of China in the lower troposphere and
persists into the spring of the following year due to air-sea interactions (Fig. 29), which maintains
poleward flow and increases precipitation over southeast China (LN0 in Fig. 33).
The AMIP multi-model mean clearly demonstrates the zonal asymmetry of the teleconnections
in the southern hemisphere present in observations: hot and dry conditions in Australia coincide
with wet, cool conditions in Argentina (Figs. 34 and 35). Furthermore, Australia is wet during
both LN0 and LN+1 in both observations and the AMIP models, while Argentina is dry and hot.
In the northern hemisphere the AMIP models agree with observations in some places but dis-
agree in others. In the observations, the Great Plains of the United States in the year following
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an El Nin˜o (EN+1, LN0) are cool, while the year following a La Nin˜a (LN+1) is dry and hot.
The extreme heat in the northern Great Plains during LN0, however, is absent in the AMIP runs.
In China during an El Nin˜o (EN0) the AMIP models indicate uniformly hot conditions, while the
observations are mixed (Fig. 35). The AMIP models also disagree with observations during LN+1.
3.4 Discussion
We can now return to the first of the questions we asked in our introduction: how are ENSO
teleconnections during climate-sensitive portions of growing seasons in the Americas, China and
Australia related to one another? Trans-Pacific ENSO teleconnections evolve over multiple years
at a basin-wide spatial scale and affect growing seasons on continents in all four corners of the
Pacific (Figs. 29 and 30). The majority of these teleconnections are part of a single circulation
anomaly (see Fig. 31), which develops in late summer and persists through to the early spring.
This means that most ENSO-induced yield anomalies are closely and coherently related to one-
another. These trans-Pacific teleconnections are illustrated schematically in Figures 36 and 37 for
El Nin˜o and La Nin˜a life cycles, respectively.
During the late summer and early fall of a developing El Nin˜o event, there are teleconnec-
tions to growing seasons on all four continents around the Pacific Basin (the Americas, Asia and
Australia; Fig. 36). As the El Nin˜o event intensifies in boreal winter, it affects flowering seasons
in southeast South America and forces SST anomalies in the Indo-West Pacific. In the spring
and summer following an El Nin˜o event, these SST anomalies in the Indo-West Pacific influence
the climate of southern China and Australia while teleconnections from the tropical Pacific affect


















































Figure 36: Schematic of life-cycles of El Nin˜o teleconnections. Black arrows indicate robust teleconnections
to crop flowering seasons. Grey arrows indicate weak teleconnections. Dotted arrows indicate no telecon-
nection. Ocean colors indicate the intensity of either cold SST anomalies (blue) or warm SST anomalies
(red).
La Nin˜as often develop immediately after El Nin˜os (although this is not always the case) and
have teleconnections that are roughly opposite to those of El Nin˜o. The life cycle of La Nin˜a
teleconnections, therefore, begins in LN-1 with the teleconnections of El Nin˜o, which then reverse
sign during La Nin˜a (LN0). Negative SST anomalies tend to persist for two years, such that some
La Nin˜a teleconnections – particularly in the southern hemisphere – persist for two years as well
(see Fig. 37).
As most trans-Pacific ENSO teleconnections are coherent, we turn to our next question: within



















































Figure 37: Schematic of life-cycles of La Nin˜a teleconnections. Black arrows indicate robust teleconnections
to crop flowering seasons. Grey arrows indicate weak teleconnections. Dotted arrows indicate no telecon-
nection. Ocean colors indicate the intensity of either cold SST anomalies (blue) or warm SST anomalies
(red).
ing or offsetting? For maize and soybeans, we find that growing conditions are generally of the
same sign in major producing regions of the Americas (i.e. southeast South America and the US)
but are opposite to those in northern China (Figures 32-35). For example, El Nin˜o events tend to
create good maize and soybean growing conditions in the US and southeast South America, but
poor maize growing conditions in northern China, southern Mexico and northeast Brazil (see Figs.
32 and 34). The opposite is true during La Nin˜a (Figs. 33 and 35). ENSO teleconnections that af-
fect wheat growing seasons are more complex, including same-season teleconnections to Australia
and Argentina, and lagged teleconnections to China and the United States. ENSO teleconnections
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to wheat growing conditions in Australia and Argentina tend to have opposite signs (although
sometimes this may produce same-sign yield anomalies due to high moisture and frequent disease
problems in Argentina). Northern hemisphere teleconnections to southern China are opposite to
those in the US during the spring following an ENSO event. Trans-Pacific ENSO teleconnections,
therefore, analogous to the climate anomalies themselves, are often (but not always) offsetting in
terms of yield impact between the Americas and China or Australia.
3.5 Conclusions
The characteristic multi-year, basin-wide evolution of trans-Pacific ENSO teleconnections poses
a series of interrelated risks to our food production system. We find that most ENSO teleconnec-
tions relevant for crop flowering seasons are the result of a single tropical-extratropical circulation
anomaly pattern that develops in late boreal summer and persists through the early spring. This
circulation anomaly affects the climate on continents in all four corners of the Pacific basin. During
the late summer and early fall of a developing ENSO event, the tropical Pacific forces an atmo-
spheric response in the northern midlatitudes that spans the Pacific from northern China to North
America and in the southern midlatitudes from Australia to southeast South America. This telecon-
nection directly links the soybean and maize growing seasons of the US, Mexico and China. It also
connects the wheat growing seasons of Argentina, southern Brazil and Australia. The ENSO event
peaks in boreal winter, when the atmospheric circulation anomalies intensify and affect maize and
soybeans in southeast South America. As the event decays, the ENSO-induced circulation anoma-
lies persist through the wheat flowering seasons in China and the US.
From the perspective of global food production, it is fortunate that during the maize and soy-
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bean growing season ENSO anomalies in major food-producing regions in the Americas are often
balanced by opposite-signed anomalies in northern China or Australia. Maize and soybean grow-
ing conditions in the US and Argentina, for example, may be balanced by those in northern China
and northeastern Brazil. And although wheat growing conditions are less straightforward, dry
(wet) conditions during flowering months in Australia seem to be balanced by wet (dry) conditions
in southeast South America.
The timing and spatial structure of ENSO teleconnections can be leveraged to improve moni-
toring of food production and management of food stocks. For example, because La Nin˜as develop
following El Nin˜os, the good harvests of soybeans associated with El Nin˜o years in the Americas
(Anderson et al. 2017) could be used to mitigate poorer harvests that often accompany subse-
quent La Nin˜a years. Our analysis represents a first small step towards improving food security by
identifying structural risks imposed on agriculture by trans-Pacific ENSO teleconnections. Future
work will relate the climate anomalies studied here to yield anomalies to determine life cycles of
trans-Pacific ENSO-induced food production variability.
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4 The importance of climate modes to global crop yield vari-
ability and synchronous crop failures
4.1 Introduction
Modes of climate variability, such as the El Nin˜o Southern Oscillation (ENSO), affect crop
yields on regional to global scales (Horel and Wallace 1981; Iizumi et al. 2014a). These large-
scale modes of variability are unique forms of abiotic stress from the perspective of global food
production for two primary reasons: (1) they may pose correlated risks to crop production due to
their global footprint (Horel and Wallace 1981; Heino et al. 2018) and (2) they represent potentially
predictable forms of abiotic stress (Scaife et al. 2014; Chen et al. 2004).
Modes of climate variability represent one of the few risks to agriculture that are capable of
forcing synchronous global crop failures (Davis 2002). But it’s currently unknown the extent to
which these modes of variability increase the likelihood of synchronous crop failures in mod-
ern major breadbaskets. Such synchronous failures pose a serious risk to global food security
(Mehrabi and Ramankutty 2018) and may become increasingly frequent as a result of climate
change (Tigchelaar et al. 2018). Past studies have focused on the areal extent of the influence
(Heino et al. 2018), average yield anomalies in different ENSO phases (Iizumi et al. 2014a), and
the extent to which temperature and precipitation anomalies, regardless of the source, affect crop
yield variability (Ray et al. 2015). Studies focused on global crop yield variability have further-
more identified regions of high crop yield variability (Ben-Ari and Makowski 2014) and years of
synchronous crop failures (Mehrabi and Ramankutty 2018).
Despite these advances, no study to date has estimated how much of global yield variability
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is due to modes of climate variability, as opposed to random weather, and identified which modes
are responsible. This is fundamentally important because some modes of climate variability, pri-
marily ENSO, are predictable up to a year in advance. From an operational perspective, seasonal
predictability allows for management decisions that are different to those made in response to
short-range forecasts of weather anomalies. Advance knowledge of climate variability and how it
will influence crop yields, with appropriate management responses, might tend to stabilize global
scale food production or, at least, lead to anticipation of food supply surpluses and deficits.
But to what extent can mitigating crop yield variability attributable to modes of climate sta-
bilize global-scale food production? While this question is central to global food security, as of
now it is unanswered, partly because of inadequate knowledge of the character and causes of the
climate mode-driven crop yield and production variability. Here we compile an extensive database
of subnational crop statistics to quantify how each major mode of climate variability contributes
to crop yield variability at regional- and global-scales. For each teleconnection we detail the rele-
vant dynamical pathways to ensure our estimates are physically realistic and to identify potential
predictability. This is the first climate-science based analysis of the connections between climate
variability, regional crop yield anomalies, and global production. The work provides the basis for
monitoring, and potentially predicting, spatially correlated risks in the global agricultural and food
system to better anticipate, mitigate and manage future food production crises.
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4.2 Materials and methods
4.2.1 Datasets
Subnational crop statistics were downloaded for the United States from the United States De-
partment of Agriculture, National Agricultural Statistics Service (http://quickstats.nass.usda.gov/,
accessed August 6 2015); for Argentina from the Integrated Agricultural Information System
(SIIA; http://www.siia.gov.ar/); for Brazil from the Brazilian Companhia Nacional de Abasteci-
mento (CONAB; http://www.conab.gov.br/index.php); for Canada from the CANSIM database,
provided by Statistics Canada (http://www5.statcan.gc.ca/cansim); for India from the Directorate
of Economics and Statistics (https://eands.dacnet.nic.in/); for Mexico from the INEGI Information
Databank (http://www3.inegi.org.mx/sistemas/biinegi/); for China from the Ministry of Agricul-
ture, crops database (http://zzys.agri.gov.cn/nongqing.aspx); and for Australia from the Australian
Bureau of Statistics (http://www.abs.gov.au/). All national data was downloaded from the Food
and Agriculture Organization FAOSTAT database (http://www.fao.org/faostat/en/).
For the climate analyses, we use sea surface temperature (SST) anomalies from ERSSTv3b
(Smith et al. 2008), geopotential height and wind speed anomalies from the NCEP-NCAR Reanal-
ysis I (Kalnay et al. 1996) and monthly precipitation data from the Global Precipitation Climatol-
ogy Project (GPCP) v2.3 (Adler et al. 2003). Over land, we use 0-1m soil moisture from the Noah
land surface model version 3.3 in the Global Land Data Assimilation System version 2 (Rodell and
Kato Beaudoing 2015), and Berkley Earth maximum 2m temperature data (Richard et al. 2012).
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4.2.2 Crop yield anomalies
We calculate percent crop yield anomalies by first calculating the long-term expected yield in
each subnational unit using a low-frequency Gaussian filter with a kernel density of three years,
which is functionally similar to a nine-year running mean. Absolute yield anomalies are calculated
as deviations from this long-term yield trend, which accounts for changes in management and
technology at the subnational level. The absolute yield anomalies are divided by expected yield in
each year to give the percent yield anomaly. Production anomalies, where used, are calculated as
the product of the observed harvested area in each year and the absolute yield anomalies.
4.2.3 Maximum Correlation Analysis
To isolate the influence of climate variability on crop yields, we perform a Maximum Correla-
tion Analysis (MCA) on the climate matrices (SST or geopotential height) and percent crop yield
anomalies (wheat, maize and soy). MCA uses a singular value decomposition (SVD) of the cross-
correlation matrix between two fields to identify the primary modes of covariance. By focusing
on large-scale coherent crop yield anomalies, we separate anomalies forced by global modes of
climate variability from those forced by mesoscale weather variability. This separation of weather-
and climate-forced anomalies works, because we would not expect, for example, weather-induced
drought in the United States to be related to crop yield anomalies outside of the United States, and
so we would not expect such variance to be the leading modes of the SVD analysis. But we would
expect ENSO events to affect crop yields globally, and therefore to be the leading modes of the
SVD.
To perform the MCA on SSTs and crop yield anomalies, for example, we first construct the
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standardized SST anomaly matrix, S, by concatenating all months of SST observations from a sin-
gle year together such that the matrix is N×M where N are all the observations from a single year
(N =months × locations), and M is the number of years. We similarly construct the standardized
crop yield anomaly matrix, Y , by concatenating the wheat, maize and soy yield anomalies from a
single year together to similarly make a K×M matrix with K being observations for all crops in
all countries and M being the number of years. The exception to this is the NAO, for which we
only use wheat yield anomalies in the Y matrix to restrict the influence of the winter NAO to winter
wheat. We then calculate the SVD of the cross-covariance matrix as:
STY =UΣV T (5)
Where STY is the cross-covariance matrix. The orthogonal matrices U and V then contain
the SVD modes corresponding to the data fields S and Y , respectively, and Σ is a matrix with the
singular values on the diagonal. The leading modes represent the primary patterns of covariance
between the two fields. We next recover the time-expansion coefficients for each mode, k, as:
Ak =UTk S (6)
Bk =V Tk Y
Such that we can reconstruct the portion of the total variance in the data related to each SVD mode
as:
Sk = AkUk (7)
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Yk = BkVk
What the MCA analysis provides is a series of spatial patterns (U and V ) that represent the main
ways that the fields S and Y covary. For the case of climate and crops, it will produce patterns of
climate and the associated crop yield anomalies forced by teleconnections from that climate mode.
For example, when S is a matrix of tropical Pacific SSTs and Y contains crop yield anomalies
of maize, soy, and wheat, the leading mode in U is a matrix of the monthly evolution of SST
anomalies during an ENSO life cycle at each location in the tropics. The corresponding leading
mode in V contains the associated crop yield anomalies at each location forced by teleconnections
from ENSO. The time expansion coefficients for U and V represent how strongly each mode loads
on each year and, in this example, would be closely related to indices measuring ENSO activity.
For each mode of variability we chose a domain that corresponds to the climate teleconnections
from that mode during relevant growing seasons. Agriculturally relevant teleconnections from
most modes of variability occur primarily in a single season: the NAO in boreal winter affects
spring moisture availability in Europe (Baek et al. 2017), the TAV in spring affects rainy season
precipitation in the Atlantic basin (Giannini et al. 2004) and the IOD in late boreal summer affects
Australian rainfall (Schott et al. 2009). ENSO, however, has global teleconnections that span the
calendar year. For ENSO, therefore, we use global SSTs from 20N to 20S and global crop yields
in the MCA analysis. After removing the influence of ENSO from the crop yield and SST fields
by subtracting the ENSO-forced reconstruction (see Equation 7), we repeat the MCA analysis for
TAV and the IOD using the tropical Atlantic (20N - 20S, 60W - 20E) and Indian (20N - 20S, 35W
- 140E) oceans with crop yields from countries in each basin (those shaded in Fig. 3). The NAO
has no single definition, but we use 500 hPa geopotential height anomalies in the domain from the
118
EOF-based definition (20N - 80N, 90W - 40E) in conjunction with crop yields from Europe, the
former Soviet Union, and the Mediterranean basin. For each mode of variability we use climate
variables from the season in which the mode is active: for ENSO we use all months (Jan-Dec), for
the IOD we use Jul-Sep, for TAV we use Apr-Jul, and for the NAO we use Dec-Feb.
We conducted a number of sensitivity analyses on the domains used for climate variables and
the crop yield anomalies for the NAO, TAV and IOD, and found the results to be robust. We
also tested an ’ENSO-year’ (May-Apr) for SST, which changes the partitioning of SST variance
between modes 1 and 2 of the SVD, but does not change the sum of the two modes or any of the
results presented here.
4.2.4 Climate teleconnection analyses
After identifying the major modes of variability, we confirm that each mode corresponds to a
mode of climate variability using a series of linear multiple regression analyses, event composites
and correlations. In the linear multiple regression analysis we compute regression coefficients
between the time expansion coefficients as independent variables and either soil moisture, SST,
geopotential height or vector wind anomalies as the dependent variable. We then compare the
results of the regression analysis with a series of positive minus negative event composites. For
ENSO for example, we compare the spatial pattern of regression coefficients obtained from the
multiple regression analysis to an El Nin˜o minus La Nin˜a composite for the same climate variables.
Finally, we also compare the correlation between the time expansion coefficient of each mode and




The first two modes in the MCA analysis correspond to ENSO and its associated teleconnec-
tions. ENSO events are unique in their global scale and in that a single event spans many seasons,
often developing in boreal summer and decaying in the spring (Rasmusson and Carpenter 1982b).
ENSO events also have a characteristic temporal evolution; strong El Nin˜o events tend to be fol-
lowed by La Nin˜as (Suarez and Schopf 1988) such that a single calendar year may encompass the
end of an El Nin˜o and beginning of a La Nin˜a. The sum of the first two SST modes correspond
to a typical calendar year with a decaying El Nin˜o and developing La Nin˜a (Fig. 38a and 38b).
The time expansion coefficient of SST modes 1+2 is statistically significantly correlated with the
Nin˜o 3.4 index at a level of 0.75 (Fig. 38c). The corresponding crop yield anomaly mode is shown
in panels d-f. The crop yield anomalies associated with ENSO from Fig. 38 must be interpreted
by identifying the state of tropical Pacific sea surface temperatures during the climate sensitive
portion of the local crop growing season, which we have indicated in each panel.
The results of the MCA analysis for the IOD, TAV, and NAO are shown in Figure 39. Panels
d-f show the SST or geopotential height modes as well as the crop yield anomaly modes, while
panels a-c show the time expansion coefficients and corresponding climate indices. The correlation
between the JAS IOD dipole mode index and the first mode of Indian ocean variability is -0.70,
while the correlation between the MJJ Atlantic Meridional Mode index and the first two modes of
TAV variability is 0.65. For the NAO, the correlation between the station-based DJF NAO index











Figure 38: Results of the MCA analysis for ENSO. Typical SST anomalies ◦C during an El Nin˜o to La Nin˜a
life cycle in the Nin˜o 3.4 region in observations (grey dotted lines, shading up to ensemble mean) and as
represented by the ENSO modes in the MCA analysis (black dotted line) in a. Spatial SST modes 1+2 (◦C)
averaged into seasons 1.JFM, 2.AMJ, 3.JAS, and 4.OND in b, also indicated on a. Panel c is the standardized
time expansion coefficient for the SST mode (solid black line), crop yield mode (dotted black line) and Nin˜o
3.4 index during JFM (blue line). Panels d-f show the corresponding crop yield modes (anomalies in percent
of expected yield) for wheat, soy, and maize, respectively. The numbers in all panels refer to seasons: (1)
mature El Nin˜o, boreal winter, (2) decaying El Nin˜o, boreal spring, (3) developing La Nin˜a, boreal summer,
and (4) mature La Nin˜a, boreal fall. The number coloring refers to the ENSO state during that season during
a calendar year beginning in an El Nin˜o (red numbers and seasons) and transitioning into a La Nin˜a (blue
numbers and seasons) as illustrated in a. The seasons next to yield anomalies correspond to the timing of
ENSO teleconnections, which are often, but not always, around flowering. SST and crop yield modes are
scaled to one half standard deviation.
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Figure 39: Results of the MCA analysis for the IOD, TAV and NAO. Right panels: spatial pattern of NAO,
TAV and IOD-forced crop yield and geopotential height (contours, NAO only) or sea surface temperature
anomalies (colors, TAV and IOD only). Climate modes have been averaged into seasonal means, and are
repeated in each panel for each crop. Bounding boxes indicate approximate domains used for each analysis
(see methods for details). Left panels: the standardized time expansion coefficient for the SST mode (solid
black line), crop yield mode (dotted black line) and climate index (blue line). The climate index used for
the IOD is the Dipole Mode Index (DMI) during JAS, for the NAO is the Hurrell station-based NAO index
during DJF, and for the TAV is the Atlantic Meridional Mode (AMM) during MJJ. Dark gray areas in the
right panels indicates cropped areas that were outside of the domain of influence of a given mode.
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4.3.2 Climate teleconnections
To ensure that our MCA analysis is consistent with the observed teleconnections from each
climate mode, we compare the spatial patterns of regression coefficients from a multilinear regres-
sion using the time expansion coefficients from the MCA analysis as the independent variables
with results from a positive minus negative event composites. Comparing figure 41 to Figure 40
confirms that the MCA analysis captures major ENSO teleconnections, such as the stabilization of
the tropical troposphere, Rossby wave response to tropical heating, warming of the tropical north
Atlantic SSTs in MAM, and uniform warming of the Indian Ocean. Similarly, Figures 43 and 42
demonstrate that the MCA captures the large-scale teleconnections from the NAO, TAV and IOD
to geopotential height, SST, vector winds and soil moisture anomalies.
To discuss the physical connection between climate modes and crop yield anomalies we adopt
a region by region approach. We analyze how modes of climate variability connect crop yield
anomalies to one another in each region, identify the relative importance of each mode for each













Figure 40: Strong ENSO event composite difference for 1980-2010 based on Oct-Dec Nin˜o 3.4 index, El
Nin˜os (1982/83, 1997/98, 2002/03, 2009/10) minus La Nin˜as (1988/89, 1995/96, 1998/99, 2007/08). Colors
are sea surface temperature anomalies (degrees C) of the ocean and soil moisture anomalies (kg per square
meter) over land. Contours are 200 hPa geopotential height anomalies (contours every 15 hPa) and vectors













Figure 41: Regression coefficients for the standardized ENSO time expansion coefficient from the multi-
linear regression analysis. Colors are sea surface temperature anomalies (degrees C) of the ocean and soil
moisture anomalies (kg per square meter) over land, contours are 200 hPa geopotential height anomalies

















Figure 42: Event composites for the positive minus negative phase of the IOD during JAS (top left), and NDJ
(bottom left), the NAO for DJF (bottom right), and TAV during MJJ (top right). NAO years are (1998/99,
1994/95, 1983/84, 1988/89) minus (2009/10, 1997/98, 1984/85, 1986/87). The IOD composites are for
(1991/92, 1995/96, 1980/81, 1983/84) minus (1993/94, 1996/97, 1981/82, 1986/87) and TAV composites
are for (2010, 2005, 1981, 1997) minus (1991, 1986, 1994, 2002). We use the Hurrell station-based index to
identify NAO years, the Atlantic Meridional Mode to represent TAV, and the Dipole Mode Index to find IOD
years. Colors are sea surface temperature anomalies of the ocean (degrees C) and soil moisture anomalies
over land (kg per meter square). Contours are 200 hPa geopotential height anomalies (contours every 15

















Figure 43: Regression coefficients for the standardized IOD, TAV, and NAO time expansion coefficients
on dependent climate variables. IOD coefficients during JAS (top left), and NDJ (bottom left). the NAO
coefficients for DJF (bottom right), and TAV coefficients during MJJ (top right). Colors are sea surface
temperature anomalies of the ocean (degrees C) and soil moisture anomalies over land (kg per square meter).
Contours are 200 hPa geopotential height anomalies (contours every 5 hPa for TAV and IOD, every 15 for
NAO) and vectors are winds at 925 hPa.
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4.3.3 Northeast Brazil, southwest Mexico and west Africa
Crop yields in Northeast Brazil, southwest Mexico and west Africa are influenced by modes
of climate variability centered in the Pacific (Fig. 38) and Atlantic Ocean (Fig. 39) basins that
affect growing season moisture availability. In northeast Brazil and southwest Mexico ENSO
dominates the maize yield anomalies, accounting for ∼64% and 22% of the variance with only
minor contributions from internal variability of Atlantic SSTs (Fig. 44). In west Africa, however,
the Atlantic accounts for nearly a third of the 53% of yield variability that is attributable to climate,
with the remainder due to ENSO.
Northeast Brazil and southwest Mexico are semi-arid regions dependent on rainfed agriculture;
moisture availability is the abiotic stress that dictates maize yield responses (Dilley 1997b). The
growing seasons in Northeast Brazil, west Africa and southwest Mexico are each affected by the
meridional migration of the ITCZ and by ENSO’s effect on the stability of the tropical troposphere.
But the ITCZ over southwest Mexico is controlled by SSTs in the east Pacific during late boreal
summer of a developing ENSO event while the migration of the ITCZ over northeast Brazil and
west Africa is influenced by tropical north Atlantic SSTs in the boreal spring after a mature ENSO
event (Magan˜a et al. 2003; Giannini et al. 2004).
During the summer of a developing El Nin˜o event the ITCZ remains closer to the equator
in the eastern Pacific (see Fig. 40 and 41), which decreases the moisture convergence south of
Mexico around 10N and inhibits southerly moisture surges that bring rain to south-central Mexico
(Magan˜a et al. 2003), leading to poor maize harvests (Dilley 1997b). The opposite is true during a
developing La Nin˜a. A mature El Nin˜o warms and stabilizes the troposphere throughout the tropics
(Horel and Wallace 1981) (see NDJ and MAM in Fig. 40 and 41.), which inhibits convection and
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Figure 44: Top row: harvested area of wheat, maize and soy with numbered boxed indicating regions
for the variance analysis (left) and globally-aggregated production variance explained by ENSO, IOD,
TAV, and NAO (right). Second and third rows: regional variance analyses for wheat, soy and maize.
Percent values on top of each bar indicate the total variance explained by modes of climate variability
(ENSO+TAV+IOD+NAO), which may not match the sum of percent variance explained by each individual
mode given by colored bars, key at right.
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thus favors drought in west Africa and northeast Brazil (Giannini et al. 2004; Horel and Wallace
1981). Furthermore, a mature El Nin˜o warms SSTs in the north tropical Atlantic Ocean (Fig. 40
and 41), which, during MAM following a mature El Nin˜o, leads to a northward displacement of
the ITCZ such that precipitation in northeast Brazil is further inhibited (Giannini et al. 2004). The
opposite is true during La Nina. These climate teleconnections, visible in Figure 40 and 41, are
consistent with the maize yield anomalies for the region in Figure 38.
Internally generated variability in the tropical Atlantic alone can also create meridional SST
gradients (see Figs. 42 and 43), which, when the north is warm relative to the south, act to amplify
growing season (boreal spring) precipitation anomalies in northern Northeast Brazil (Giannini et al.
2004) and west Africa (Fig. 43). This teleconnection weakly influences maize variability in north-
east Brazil as a whole because the north/south dipole of precipitation anomalies (Fig. 43) bisects
the region and is reflected in the maize yield anomalies (Fig. 41) that are offsetting at the regional
level.
4.3.4 Southeast South America and the United States
In southeast South America and the United States climate variability explains 23-38% of crop
yield variability with the exception of wheat in southeast South America, for which climate only
accounts for 9% of the variability. Both regions are affected by Rossby wave trains forced by
heating in the tropical Pacific. Crop flowering seasons in southeast South America occur during
or just after a mature ENSO event, while in the United States crop flowering occurs during the
developing or decaying stages of an ENSO event.
During austral summer, a mature El Nin˜o excites a Rossby wave that affects the climate in both
the United States (Horel and Wallace 1981) and southeast South America (Grimm et al. 2000) (see
130
Fig. 40 and 41). During an El Nin˜o an anticyclonic circulation anomaly to the east of southeast
South America and a cyclonic circulation to the west advects moisture into the region (Grimm et al.
2000), which leads to above-median precipitation (Grimm et al. 2000) and above normal yields of
maize and soybeans (Fig. 38) (Podesta´ et al. 1999b). For wheat in southeast South America,
however, additional precipitation during El Nin˜os lead to an increased probability of disease and
increased cloudiness leads to decreased insolation (Cunha et al. 2001), both of which lower yields
(Fig. 38).
In the northern hemisphere, a mature El Nin˜o excites a Rossby wave response (Horel and Wal-
lace 1981), which leads to increased precipitation and additional soil moisture in the southern US
(see Fig. 40 and 41 and Fig. 38). Soil moisture anomalies persist from the winter into the follow-
ing spring and positively affect wheat yields in the southern Great Plains (Mauget and Upchurch
1999). For both southeast South America and the United States, teleconnections and impacts on
crop yields during La Nin˜a are essentially the opposite of those during El Nin˜o. ENSO also im-
pacts summer crop yields (Handler 1984), with poor maize and soy yields during a developing La
Nin˜a forced by a ridge over the midwest that leads to heat and drought but the dynamics are not
well understood.
4.3.5 Australia and Eastern Africa
Australian and East African crop yields are affected by both the IOD and ENSO (Fig. 38
and 39), which alter moisture availability during the local rainy seasons. Together the two modes
contribute to 21-40% of yield variability (Fig. 44).
During the Etheipian Kiremt (Jul-Sep) growing season, a growing El Nin˜o forces deficit pre-
cipitation (Fig. 40 and 41) which, in 2015/2016, led to food security crises (Funk et al. 2018).
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Developing El Nin˜os stabilize the tropical troposphere over East Africa, which reduces convection
over much of Ethiopia (Diro et al. 2011). During austral summer, however, El Nin˜os affect Indian
Ocean SSTs and force a precipitation dipole in Eastern Africa such that Southeastern Africa is
dry and the Horn of Africa is wet (Fig. 40 and 41). A mature El Nin˜o warms SSTs and leads to
increased convective heating in the western Indian Ocean, which forces a low-level cyclonic circu-
lation off the southeast coast of Africa and decreases moisture flux convergence into southeastern
Africa(Goddard and Graham 1999), leading to dry conditions and crop failures(Funk et al. 2018).
In southeast Australia, as demonstrated in both our climate composites (Fig. 40 and 41, 42)
and expansion coefficient regression analyses (Fig. 43), La Nin˜as and negative IOD states lead to
increased precipitation in southern Australia (Ummenhofer et al. 2009) and positive winter wheat
yields (Yuan and Yamagata 2015), while El Nin˜os and positive IOD states favor droughts and
poor wheat yields (Ummenhofer et al. 2009; Yuan and Yamagata 2015) by forcing an anticyclonic
circulation and descent that extends over much of Australia (Fig. 43).
4.3.6 India and the North China Plain
Our analysis indicates that ENSO accounts for 25 and 35% of maize yield variability in China
and India, but has a much smaller influence on wheat yields due to extensive irrigation of wheat
(Krishna Kumar et al. 2004). In both countries there is no strong IOD influence.
Crops grown in India are divided into Kharif crops (i.e. maize) grown during the summer
monsoon from June - September and Rabi crops (i.e. winter wheat) planted after the summer
monsoon. During an El Nin˜o, decreased summer monsoon precipitation (Fig. 40 and 41) damages
Kahrif crop yields (Fig. 38) and leads to depleted soil moisture during the early weeks of the Rabi
season, which depresses yields in the following harvest (Selvaraju 2003).
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In the North China Plain maize and soy flower in the late boreal summer or early fall. For
maize, a developing La Nin˜a leads to above expected yields and a developing El Nin˜o to below
expected yields (Fig. 38.; (Liu et al. 2014)). One hypothesis for this teleconnection is that increased
convection in the western North Pacific during a developing El Nin˜o shifts the subtropical high
southward and weakens it during midsummer, bringing precipitation to the Yangtze River valley
but drought further to the north (Ronghui and Yifang 1989).
4.3.7 Europe and North Africa
The NAO has a strong influence on wintertime climate in both Europe (Baek et al. 2017) and
North Africa (Lamb and Peppler 1987). Climate variability accounts for ∼16% of winter wheat
yields in Europe but ∼80% in North Africa (Fig. 44). This compares well with past literature,
which finds that although the NAO is the leading mode of variability in European wheat yields,
its influence is only moderate in magnitude (Cantelaube et al. 2004). The disparate strength of
influence between North Africa and Europe is likely related to the forms of abiotic stress imposed
by the NAO in each region. In North Africa and Spain, where wheat is primarily moisture limited,
the NAO affects wheat yields by altering moisture availability, while in central Europe and Scandi-
navia the temperature teleconnection is stronger (Cantelaube et al. 2004). In parts of Scandinavia,
the Balkans, and central Europe, a positive NAO produces relatively mild winters (Fig. 42 and
43) that reduce frost kill risks to winter wheat and lead to above expected yields (see Fig. 39).
In Europe, both ENSO and the NAO affect winter wheat yields (Fig. 44) but ENSO does so by
forcing NAO-like atmospheric states in the north Atlantic (Scaife et al. 2014) (Fig. 40 and 41). A
positive NAO leads to reduced precipitation (Lamb and Peppler 1987) and soil moisture in North
Africa (Fig. 42 and 43), which leads to poor wheat yields (Fig.39).
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4.3.8 Global
Forced crop yield anomalies aggregated to the global scale over a calendar year reveal that
modes of climate variability account for 18.4% of global maize yield variability but only 7.8% and
5.4% of soy and wheat yield variability (Fig. 44), with ENSO being the dominant influence on all
crops. The discrepancy between crops is because ENSO produces compensating yield anomalies
for major wheat and soy producing countries but not for maize. Whether ENSO leads to com-
pensating or compounding yield anomalies is a function of the ENSO life cycle, spatially and
seasonally varying teleconnections and how these interact with the current global distribution of
land planted to any one crop. In Table 9 we convert the yield anomalies from Figure 38 to pro-
duction anomalies (using 2010 harvested areas) to demonstrate how ENSO creates offsetting or
compounding anomalies in a year where ENSO transitions from El Nin˜o to La Nin˜a.
The current distribution of global cropland in relation to ENSO teleconnections contributes sig-
nificantly to the stability of global wheat and soy production and to the coherence of synchronous
global maize failures. ENSO-induced production anomalies of maize do not offset at the global
scale primarily because of the concentration of production in the United States. A mature El Nin˜o
forces maize failures in southeast Africa but surpluses of a similar magnitude in southeast South
America. During the subsequent developing La Nin˜a maize failures in the United States are far
greater than the ENSO-forced surpluses in China (Fig. 38 and Table 9). For wheat and soy, how-
ever, regional ENSO-induced production anomalies for the most part offset one-another in an El
Nin˜o to La Nin˜a year. In the case of wheat during a mature El Nin˜o, positive soil moisture and
yield anomalies in the United States are more than offset by dry conditions in northern Eurasia and
India that lead to wheat yield declines (Fig. 38 and Table 9). Six to nine months later a La Nin˜a
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Table 9: ENSO-forced crop yield anomalies from Figure 38 converted to production anomalies using 2010
harvested area. Units are meaningful in a relative sense only, as they are millions of tonnes per one standard
deviation of time expansion coefficient for mode one plus mode two. Globally, ENSO forces offsetting
anomalies for wheat and soy, but not for maize.
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matures and forces wet conditions in the dry climate of Australia, and relatively dry conditions in
the wet climate of southeast South America. Both climate teleconnections increase wheat yields
and offset the deficit production from poor Eurasian harvests earlier in the year. For soy, high
production anomalies in Southeast South America during a decaying El Nin˜o are mostly offset by
poor harvests in the United States during the subsequent developing La Nin˜a.
To illustrate the importance of ENSO in a given year, we turn to the historical record of syn-
chronized crop failures. A recent study found that the global maize failures in 1983 were the
most pronounced synchronous crop failure event in the modern record. 1983 was also one of the
strongest El Nin˜os in recent history. In Figure 45 we plot the ENSO-forced yield anomalies, which
are reconstructed in the MCA analysis following equation 7, alongside the observed yield anoma-
lies from 1983 to illustrate how large the influence of ENSO was on the synchronous crop failures
of that year. The crop yield anomalies in 1983 are characteristic of an El Nin˜o transitioning during
the calendar year into a La Nin˜a (compare Fig. 45 to Fig. 38). The largest maize production
failures occurred in Southeast South Africa during the El Nin˜o-forced drought in austral summer
and in the United States during the following hot and dry boreal summer during La Nin˜a. The
observed and ENSO-forced patterns are strikingly similar, although the differing magnitudes of
United States yield anomalies indicates that other factors were at play as well.
While 1983 is a case-study, it is illustrative of the larger role that ENSO plays in forcing large,
synchronous maize yield anomalies. By averaging the contribution of ENSO-forced anomalies
over the three years with the largest positive (see Table 10) and the three years with the largest neg-
ative (see Table 11) global production anomalies, we find that ENSO contributed to ∼35% of both
the maize failures or surpluses but contributed little, if any, to the years of extreme global wheat
and soy production. From this we can conclude that ENSO has played a major role in forcing both
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ENSO-forced 1983 yield anomalies
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Figure 45: Observed (top panel) and ENSO-forced (bottom panel) crop yield and Jan-Mar sea surface
temperature anomalies in 1983, which has been identified (Mehrabi and Ramankutty 2018) as the most
extensive synchronous crop failure in the modern (post-1960) record. Hovmo¨ller of SST anomalies in the
Nin˜o 3.4 region (left), and maize production anomalies by country (right). Both the spatial pattern and
globally aggregated values indicate that ENSO played a major role in forcing synchronous crop failures in
1983. Observed crop yield anomalies are characteristic of an El Nin˜o transitioning to a La Nin˜a, as was the
case in 1983 (compare to maize yield loading in Figure 38).
137
large and synchronous global maize failures, but has had only a regional-scale influence on wheat
and soy yields.
Table 10: Three largest historical global crop yield failures (in percent of expected yield) and the contribution
from ENSO to each event. The average contribution of ENSO to the total anomaly shown in the far right
column for each crop.
Table 11: Three largest historical global crop yield surpluses (in percent of expected yield) and the contri-
bution from ENSO to each event. The average contribution of ENSO to the total anomaly shown in the far
right column for each crop.
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4.4 Discussion
Reducing climate-related yield variability is a significant means of reducing crop yield variabil-
ity by 20-35% in many regions, and by over 50% in a select few. Non-ENSO modes of variability
generally account for less than 20% of regional yield variability and often less than 10%. However,
tropical Atlantic variability does contribute to crop yield anomalies in West Africa and in North-
east Brazil, while the IOD affects crops in Australia and East Africa, and the NAO affects wheat
in North Africa and Europe. Monitoring the IOD, NAO and TAV in addition to ENSO in these
regions may, therefore, be key to predicting poor harvests.
ENSO, the IOD, TAV and NAO are all important in at least one region studied. But only ENSO
has a significant influence on global production and accounts for between 4 and 18% of globally
aggregated crop yield anomalies. Owing to the global-scale of its influence and the distribution of
maize production, ENSO has the potential to force globally synchronous maize failures as it did
in 1983. Our regional analyses demonstrate that the mechanisms by which ENSO forces maize
yield anomalies in Southeast South America, Northeast Brazil, West Africa, East Africa and India
are well studied, but the summertime teleconnections to the United States and China are not well
understood and need to be studied further. Historically, ENSO has been less effective in forcing
synchronous crop failures of wheat and soy due to the distribution of cropland across regions with
offsetting teleconnections or in regions that are weakly teleconnected. While this balance doesn’t
preclude large regional influences on wheat and soy, it does mean that the influence of ENSO alone
is unlikely to force global-scale crises.
Diagnosing the source of crop production variability is a necessary part of prioritizing policies
aimed at mitigating or preventing crop failures. Our analysis provides the first global estimate
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of the degree to which forecasting and mitigating yield variability associated with modes of cli-
mate can stabilize crop production at regional and global scales. Importantly, our findings are
not dependent on the fidelity of present generation climate or crop models, but rather represent
an observationally-derived limit on the importance of climate variability to crop production sta-
bility. These estimates may be useful for assessing the potential value of climate prediction and
anticipatory adaptation as a means of stabilizing crop production variability.
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Conclusion
Modes of climate variability, particularly ENSO, pose a serious risk to both regional and global
commodity grain production. The Great Famine in 1876-1878 demonstrated how ENSO has histor-
ically forced global-scale crop production failures, however, until recently no research connected
the climate dynamics by which ENSO affects global climate to the crop failures that can contribute
to food security crises. We build on existing literature to demonstrate the dynamics by which ENSO
forces regional and global crop failures, including 1983, the largest synchronous crop failure since
global statistical records began in 1960.
While ENSO is not the only mode of climate that is relevant to food production, it is the only
mode that has a globally-coherent impact. At regional scales, the North Atlantic Oscillation is
important for North Africa and Europe, tropical Atlantic variability affects Brazil and West Africa,
and the Indian Ocean Dipole is important in East Africa and Australia. But at global scales, as we
demonstrate in Chapter 4, ENSO is the only mode that significantly affects globally-aggregated
crop yields, accounting for between 4% and 18% of yield variability.
The dynamics that lead to agriculturally-relevant ENSO teleconnections impose a correlated
risk to food production at the global level. ENSO teleconnections lead to poor growing conditions
in multiple major production regions (see Chapters 1, 3, and 4) and simultaneous crop failures
in both the Americas (see Chapter 2) and, for maize, globally (see Chapter 4). The globally co-
herent nature of ENSO teleconnections to crop yields are a result of ENSO’s influence on global
atmospheric circulations. For example, tropical Pacific heating forces a Trans-Pacific circulation
anomaly that connects cropping regions in the United States to those in the North China Plain, as
well as cropping regions in southeast South America and Australia (see Chapter 3). That same heat-
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ing warms and stabilizes the tropical troposphere (Horel and Wallace 1981), leading to drought,
heat, and depressed yields over much of the tropics (see Chapter 4).
The global scale of ENSO teleconnections is a necessary but not sufficient condition for affect-
ing global crop yields; the temporal duration of ENSO life cycles plays a role as well. If ENSO
affected the climate in only a single season, then the staggered nature of crop growing seasons
would confine the geographic extent of its influence to regions with crops that flower in that sea-
son. However, its life cycle of consecutive seasons and years leads to a sequence of yield anomalies
globally.
The risk posed to agriculture by an ENSO life cycle, however, lasts 2-3 years and can affect up
to three consecutive growing seasons in one location. Contrary to weather-induced abiotic stresses,
which develop and decay over the course of 1-2 weeks, or even other modes of climate variability,
which are generally confined to a season, abiotic stresses associated with ENSO life cycles can
be spread over multiple years. El Nin˜o events tend to develop in the summer and persist into the
following spring. Although not all El Nin˜os transition into La Nin˜as, La Nin˜as do tend to follow
El Nin˜os when they do develop, and often persist for two years. As we demonstrated in Chapters 1
and 3, this El Nin˜o, La Nin˜a, La Nin˜a life cycle has agriculturally relevant teleconnections in each
year. These teleconnections tend to be strongest for crops that flower in boreal fall and winter,
when forcing from the tropical Pacific tends to be strongest.
The multi-year life cycle of ENSO teleconnections is reflected in crop yield anomalies (see
Chapter 2) and plays a critical role in forcing synchronous crop failures (see Chapter 4). As such,
these life cycles pose a clear risk to food production. But they could also be leveraged to improve
food security. For example, FEWSNET raised the alarm about a potential famine in the Horn of
Africa nearly a year in advance of the 2011/2012 famine based on the fact that La Nin˜as, which
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lead to drought in the Horn of Africa, often follow El Nin˜os (Maxwell and Majid 2016). That the
famine occurred regardless of the FEWSNET warnings, however, is an unfortunate reminder that
producing climate-based forecasts is only part of the solution.
Despite the progress made to date towards understanding the dynamics by which ENSO forces
production shocks and synchronous crop failures, more research is needed to fully understand how
modes of climate variability relate to food production. We have focused on interannual variabil-
ity, but many of the same questions we investigate could be asked of shorter (subseasonal) and
longer (decadal) modes of climate variability. There is ample evidence that climate anomalies in-
fluence crop yields on the time scale of hours rather than months, which makes subseasonal modes
of variability a particularly appealing research avenue. But significant advanced planning is re-
quired for many proposed adaptation measures, such as crop breeding, which makes considering
longer timescales – and what role climate change will play on those time scales – necessary. In
particular, our results could be extended to understand how climate-forced supply shocks will be-
come increasingly frequent with climate change, how climate-forced supply shocks are propagated
through global trade networks, and how subseasonal modes of climate variability affect global food
production.
Future climates
How will ENSO-induced crop yield variability change in the future? This question can be
conceptually divided into two parts: (1) how will a changing mean state interact with present-day
ENSO-induced teleconnections? and (2) how will the temperature and precipitation variability
attributable to ENSO change? Additionally, a question that will be of interest to crop breeders and
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policy makers is (3) how quickly will ENSO-induced yield variability change?
The first question assumes stationary ENSO teleconnections to explore how a changing mean
state will affect ENSO teleconnections in light of the maximum heat tolerance of various crops.
Climate change will gradually alter average growing conditions worldwide due to changes in max-
imum temperatures and moisture availability. But the effects of increasing maximum temperatures
on crop yields are highly nonlinear (Schlenker and Roberts 2009). The maximum heat tolerance
of crops, therefore, implies that the spatial extent and magnitude of crop failures forced by ENSO
teleconnections will increase nonlinearly with warming as crops begin to experience damaging
maximum temperatures. The abrupt, increasingly negative response of crop yields to maximum
temperatures means that the yield response to warming will be nonlinear even in areas that already
experienced some damaging maximum temperatures. The extent and timing of this nonlinear
increase can be assessed using a combination of statistical techniques to identify growing sea-
son ENSO teleconnections and regression models to estimate the yield impacts with and without
mean-state warming, similar to Tigchaaler et al. (2018). To address the question of how present
day variability would impact crop yields under a shifted mean state, the CMIP 5, and forthcoming
CMIP 6, archives could be used to extract future changes in temperature and precipitation for each
relevant season. Such impacts include both shifted spatial patterns of where the climate will be-
come most suitable to grow specific crops in some areas and shifts toward increased frequency of
extreme heat and drought in other areas.
As Seager et al. (2012) demonstrate, ENSO-forced moisture availability (P-E) is likely to be-
come more variable as a result of climate change even if ENSO itself does not change simply
because of the thermodynamic influence of rising water vapor and hence intensification of mois-
ture convergence and divergence anomalies. In addition the teleconnection patterns could change
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due to changes in the forcing of Rossby waves and changes in the background flow through which
the Rossby waves propagate. Finally the ENSO system itself could change in terms of the ampli-
tude, spatial pattern and frequency of SST and tropical convection variability. To understand the
potential impacts of such changes in ENSO-forced variability, it is necessary to use an ensemble
of climate models that include full model physics, such as the CMIP 5 and 6 models. Using CMIP
5 and 6 models requires selecting the models that most accurately represent the relevant ENSO
teleconnections (i.e. following methods of Cai et al. (2014)), then using these models to estimate
changes in ENSO teleconnections under future climate conditions. Provided that future changes
in ENSO variability are uncertain, this analysis will clarify how different shifts in ENSO variabil-
ity will affect yield anomalies rather than predict the likelihood of those changes. This analysis
will provide an estimate of the magnitude of uncertainty in crop yield anomalies associated with
future changes in ENSO variability. The regression model from the observational record will be
applied to derive crop yields in each of these scenarios, the difference of which will isolate the
ENSO-induced yield variability of each.
Understanding the speed at which ENSO-forced yield anomalies will change due to climate
change is critical for crop breeders, humanitarian agencies and policy makers. Projecting the rate
at which crops will be exposed to increasing temperatures during droughts is critical information
when targeting crop breeding programs because the process of moving from development to adop-
tion of improved crop varieties can take up to 30 years (Challinor et al. 2016). Understanding
whether agriculturally relevant ENSO teleconnections remain stationary in the near-term is of im-
mediate interest to local governments and humanitarian aid organizations that regularly use ENSO
forecasts operationally. For these reasons, it will be important to compare the speed with which
agriculturally relevant ENSO teleconnections change in the full CMIP 5 and 6 model archives to
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identify potential threshold-responses that may accompany climate change. For example, the non-
linear response of crops to heat means that the influence of ENSO on crop yields will suddenly
increase or change sign with gradual warming once maximum temperature teleconnections begin
exceeding the heat tolerance of current crop varieties.
Global trade networks
Global food security is not determined by climate hazards alone, it depends also on the ways in
which the global food system is vulnerable to each hazard. When considering means of mitigating
food production shocks to prevent them from developing into food security crises, countries can
either turn to grain storage or international trade as a means of stabilizing food supply (Marchand
et al. 2016). In the last few decades, however, trade dependency has more than doubled (Porkka
et al. 2013; D’Odorico et al. 2014) as a result of the cost of maintaining grain reserves and past
policies aimed at liberalizing grain markets (Gouel 2013).
While a globalized trade economy provides many countries access to previously unavailable
goods, it may also make those countries more vulnerable to food security crises (Puma et al. 2015).
The current global economy has the potential to communicate supply shocks in rapid, nonlinear
ways that often most strongly affect import-dependent countries (Puma et al. 2015; d’Amour et al.
2016). It is imperative to understand both the evolving hazards and their interaction with a glob-
alized economy to mitigate countries’ risk of food insecurity. Open scientific questions that have
immediate implications for food security include: (1) what is the range of possible climate-forced
food supply shocks that could be amplified by trade networks in the present climate? and (2) how
quickly will these scenarios change as a result of climate change?
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The modern globalized food system is relatively recent compared with the timescales needed to
adequately sample present-day interannual climate variability, which means there are any number
of unrealized climate hazards that could be amplified by global trade networks . The unsampled
climate-forced yield variability is extensive when one considers all possible combinations of in-
dependent modes of climate variability. For example, West Africa relies on imported rice from
Thailand and Vietnam (d’Amour et al. 2016), which means that ENSO-forced climate shocks to
Southeast Asia and West Africa may combine with the influence of tropical Atlantic variability
(TAV) in West Africa to produce a food security crisis with both local and remote causes. Studies
aimed at understanding the vulnerabilities of importing countries often develop theoretical supply-
shock scenarios (i.e. d’Amour et al. (2016)) but rarely are these scenarios rooted in observations.
Such analyses could be improved by using a range of plausible climate-forced supply shocks as
the basis for their scenarios.
To develop local and global worst-case scenarios of climate-forced production shocks, the time
series of climate-forced yield anomalies produced in Chapter 4 could be sampled using phase ran-
domization (Schreiber and Schmitz 2000) and combined with a network-based ‘cascading-shock’
trade model (Marchand et al. 2016). The phase randomization approach would preserve the spectra
of the time-series and, crucially, the structure of cross-correlations (Schreiber and Schmitz 2000)
between yield anomalies in different countries to produce an ensemble of plausible production
shocks from which the relative contribution of each mode of variability would be transparent. This
approach, however, would not preserve multi-year ENSO life-cycles, which makes it appropriate
only for analyzing individual years, not multi-year sequences. This ensemble could be diagnosed
in light of trade networks to analyze what combinations of climate modes in a given year posed
the greatest risk to global and local food security for import-dependent countries. By running the
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cascading shock model for each year with major crop failures in the present or future climate,
an ensemble of realistic scenarios could be constructed and used to identify which countries will
experience decreased food availability. This analysis would be relevant to governments seeking
to understand whether food supply shocks are likely to originate in the global market or via di-
rect crop losses, which will determine what mitigation measures will be most effective, and would
provide realistic scenarios for future research.
Of critical importance is how quickly the threat from climate change, given established trade
networks, will affect local and global food security. A changing mean-state superimposed on pat-
terns of climate variability will cause present-day teleconnections to crop yield anomalies to shift
in space and intensity. While past studies have explored how mean-state changes to climate affect
crop yield anomalies, none have explored how changes in the mean-state will interact with climate
teleconnections from modes of variability, such as the NAO and ENSO, to modify the extent or
sign of associated crop yield teleconnections. Given the nonlinear dependence of yield on climate
quantities, this cannot be assessed by a simple linear addition of yield anomalies due to base state
change and teleconnections. Such changes are relevant to any humanitarian organization or gov-
ernment that currently uses information on ENSO or the NAO for planning purposes. The way that
crop failures increase with climate change, however, cannot be inferred by inspecting the climate
variables alone. Answering these questions will likely require using process-based models of crop
yields in conjunction with future climate projections. These results will produce information both
on the spatial changes of teleconnections in discrete climate states (El Nin˜o and La Nin˜a, positive
and negative NAO, etc) and on the rate at which these changes occur. Of particular interest will be
how quickly the extent and severity of the worst-case scenarios identified in the first analysis will
change in the coming decades.
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Subseasonal climate modes and crop yields
The influence of climate on crop yields is not confined to modes of climate that act on seasonal
timescales. Abiotic stresses can act on timescales of hours to significantly reduce crop yields, as
demonstrated in the case of extreme heat and maize yields in the United States (Schlenker and
Roberts 2009). It is therefore logical that modes of climate variability that act on subseasonal
timescales are important for global crop production. To date, however, there is no literature that
seeks to explore this question.
There is ample evidence that subseasonal modes of climate variability, particularly the Madden-
Julian Oscillation (MJO), are important for climate variability in agriculturally relevant regions.
The MJO refers to a large-scale pattern of deep convection, atmospheric circulations, and air-sea
interactions that is the primary driver of intraseasonal (60-90 days) variability in the tropics. The
deep convection associated with the MJO propagates eastward through the warmest parts of the
tropical Indian and western and central Pacific oceans at a speed of about 5 meters per second
(Zhang 2005). Similar to ENSO, the MJO forces extratropical teleconnections to the monsoons in
Asia (Lau and Chan 1986) and Australia (Hendon and Liebmann 1990), as well as to precipita-
tion in North America (Bond and Vecchi 2003), South America (Liebmann et al. 2004) and Africa
(Matthews 2004). MJO activity is seasonally varying, including its latitudinal migration. MJO ac-
tivity has a primary peak in austral summer when the MJO affects the Australian summer monsoon,
and a secondary peak in boreal summer, when the MJO affects the Asian summer monsoon (Zhang
2005). The seasonality of MJO activity is likely to be reflected in associated teleconnections.
The scientific questions of this work can be divided into three parts: (1) How active are
seasonally-varying MJO teleconnections during important portions of crop growing seasons? (2)
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What abiotic stresses are associated with each phase of the MJO during the growing season? And
(3) are these abiotic stresses detectable in crop yield statistics?
The first two questions aim to build on existing literature to develop a crop-centric under-
standing of the strength and frequency of climate teleconnections during important stages of crop
development, such as at seeding or flowering. Understanding how active MJO teleconnections are
during crop growing seasons will form an important foundation for predicting where the MJO is
likely to have a strong influence on agriculture, and where it is likely to have a weaker influence.
Using crop-centric variables, such as killing degree days and soil moisture, will provide a basis for
developing hypotheses about the physiological pathways by which the MJO influences crop yields.
Both of these questions can be explored using existing observations and reanalysis products.
The third question is aimed at extending existing literature to, for the first time, quantify where
the MJO influences agriculture and the extent to which it does so. This will likely require both
statistical and modeling approaches. Simple statistical approaches such as PDFs of the MJO index
during good harvests and poor harvests, or a multiple regression analysis is likely to prove fruitful
only in regions with exceptionally strong teleconnections. A series of crop modeling experiments
based on the results of the first two analyses could provide additional insight into how the specific
stresses imposed by the MJO affect crop yields.
Limitations of the data
There are known issues with both the FAO statistics and national statistics used in our analysis
(Dunmore and Karlsson 2008; Xiao and Womack 2014). In China, for example, discrepancies
between the sum of province-level GDP and national-level GDP statistics demonstrated how in-
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centives for bureaucrats to exaggerate their achievements led to inaccurate official state statistics
(Xiao and Womack 2014). The incentive to over report achievements likely affects the accuracy
of crop yield statistics in China as well. At the global scale FAO is the only source available,
although FAO data on crop production has suffered in recent decades from a deterioration in the
capacity of member countries to collect and report agricultural statistics (Dunmore and Karlsson
2008). This deterioration has led to an increase in the ‘estimated’ as compared to ‘official’ statis-
tics in the database, particularly for Africa. Although a lack of alternative data necessitates using
these statistics, we would like to offer a few comments on how data quality is likely to affect our
analysis.
There are two types of data quality issues: random errors in the data, such as those introduced
by a reduced capacity to accurately collect data, and systematic errors, such as the over-reporting of
achievements in Chinese statistics. Because random errors are independent with respect to modes
of climate variability, we expect that our MCA and EOF analyses will be effective in separating the
forced signal from this added noise. The inaccuracy of the reported yield anomalies will, however,
artificially inflate our estimate of the total variance of yields in a statistical unit and therefore result
in an underestimate of the fractional contribution of climate to that total yield variance. With
respect to our analyses that used a composite approach rather than an EOF or MCA approach, we
expect random variability to broaden the distribution in each year of the ENSO life cycle but leave
the mean estimate unchanged. Random errors, therefore will not affect the main conclusions of
this work although it may artificially inflate non-climate related yield variance.
The influence of a systematic bias in reporting is more difficult to estimate without knowing
details of the bias. We expect that by de-trending the data we remove any artificial year-on-year
inflation of yield estimates or uniform bias in reporting better than achieved yields. And as with the
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random errors, we don’t expect a systematic bias to be dependent on modes of climate variability.
For example, even if officials under-report the magnitude of crop failures we would not expect this
under reporting to be limited to ENSO-forced crop failures as compared to crop failures forced
by any other means, which implies that the MCA analysis will effectively separate climate-related
variability from artificially introduced variability. More-over, if the systematic bias is towards
uniformly under reported crop failures, our fractional estimates of the importance of modes of
climate may remain unaffected even if the total variance is unreliable. In our composite analyses
in chapters two and three, systematic over reporting would reduce the magnitude of the negative
yield anomalies, making our estimates of the influence of ENSO conservative relative to the actual
effect.
Final remarks
Our work has aimed to improve understanding of how climate variability poses a correlated
risk to global food production. Our modern global food production system is based on the idea
that a crop failure in one major production region in a given year is independent from other major
production regions and from other years. We have shown that during ENSO years, this is not true.
We have done this by focusing on the dynamics that link modes of climate variability to global
crop production variability and synchronous crop failures. We hope that a better understanding
of the relevant dynamics will provide a useful foundation for improving operational early warn-
ing systems and for understanding how climate change will affect climate-related risks to food
production.
The work presented in this thesis is by no means an exhaustive assessment of how ENSO affects
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food production. Considerable further work is needed to characterize how present-day climate
variability threatens food production, how that risk will change in the coming decades, and what
can be done to stabilize future food production. This work, by definition, needs to be conducted in
a multidisciplinary team with research questions informed by discussions with local governments,
humanitarian agencies and crop breeders. If we hope to mitigate future risks to food production,
we must acknowledge that science-based policies will take years to develop and implement. A
goal-oriented research program focused on how food production will be affected by climate in the
coming decades, therefore, is an urgent priority.
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